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Abstract
Identifying and Minimizing Sources of Variability within Modern Spectroscopic Techniques for
the Forensic Analysis of Glass
Oriana Christy Ovide
Broken glass is a trace material frequently found at crime scenes such as hit-and-runs,
burglaries, assaults, and homicides. Existing research encompassing the forensic analysis of glass
evidence is vast. Published studies cover the analysis and interpretation of various types of glass.
However, organizations such as the National Institute of Justice (NIJ), National Institute of
Standards and Technology Organization of Scientific Area Committees (NIST-OSAC), and
American Society of Trace Evidence Examiners (ASTEE) continue to identify glass-specific
research needs to strengthen the scientific foundations of the field. Current gaps within the
forensic glass community involve understanding modern glass formulations, re-evaluating the
performance of technologically advanced instrumentation, assessing the effect of small glass
fragments applied to standard practices, and developing new methods to advance data analysis
and interpretation. This thesis aims to address these knowledge gaps by identifying,
understanding, and proposing ways to minimize sources of variability within the elemental
analysis of glass using laser-induced breakdown spectroscopy (LIBS) and micro X-ray
fluorescence spectrometry (-XRF).
In the first objective of this thesis, LIBS and -XRF were used to analyze small and
irregular glass fragments between 0.4 mm and 1.0 mm in length from same-source and differentsource sets. The analysis of the smaller glass resulted in poorer precision than full-thickness
glass using both techniques. Using an increased number of known glass fragments resulted in
better sample characterization and reduced the false exclusion rates for both small and fullthickness glass fragments analyzed with both instrumental techniques. When analyzing small and
irregular samples, new protocols are recommended for sampling, analysis, and interpretation
compared to current practice.
The second objective of this thesis examined the elemental composition of modern glass
from 30 portable electronic devices (PED), 15 tempered glass screen protectors (SP), and three
liquid glass (LG) formulations using -XRF and LIBS. Using spectral overlay of the -XRF
spectra resulted in five major PED groups and four SP groups based on their elemental
composition. LIBS analysis corroborated the PED classes but severe cracking occurred during
LIBS analysis. -XRF comparisons of glass within PED and SP subgroupings achieved high
discrimination powers and low false exclusion rates. The application of a newly proposed
method based on spectral contrast angle ratios to -XRF spectra of PED and SP glass provided
an additional metric that complemented the spectral overlay results. The application of liquid
glass to the surface of a PED screen did not significantly affect the -XRF analysis of the PED
glass. These findings provide the community with a preliminary assessment of the elemental
composition of PED glass, SP glass, and LG and the forensic capabilities of -XRF and LIBS
applied to this glass type.

The third objective of this thesis explores the multivariate quantitative analysis of glass
using LIBS. Eight commonly used glass standards and characterized reference materials were
used to construct calibration models to predict the concentrations of eight major and minor
elements within soda-lime glass. Multivariate and univariate methods were compared using the
coefficient of determination (R2) and bias to determine the best performing method. Multivariate
methods outperformed univariate linear regression. An MLR calibration model using the entire
LIBS spectrum provided bias values less than 10-20% while maintaining R2 values greater than
0.9 for all quantified elements. Inputting selected regions of the LIBS spectrum improved the
performance of the MLR model. This thesis provides the recommended standards to quantify
each of the eight target elements, demonstrating the feasibility of quantitative examinations of
glass by LIBS.
The culmination of this thesis addresses several current research gaps in the forensic
glass community. The proposed methods involving the analysis of small glass fragments
simulating casework-size items, the forensic comparisons of modern PED-related glass, and the
quantification of elements within glass standards are anticipated to offer newer knowledge on
sources of variability within forensic glass comparisons and approaches to minimize error rates.
This research provides glass examiners with additional support when testifying about glass
evidence within a court of law.
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1. Introduction
1.1. Overview of the value of glass as forensic evidence
The versatile use of glass in multiple products makes it a prevalent item in the general
population. Manufactures adapt the size, thickness, chemical composition, and physical
properties of glass to fit many end-uses and market demands. The use of glass in packaging,
tableware, buildings, electronics, vehicles, fiber optics, and medical technology are just a few
examples of the typical applications of glass.1–3 Many of the comforts of modern life would not
be possible without glass, leading to high manufacturing demands. To meet the market, there are
380 glass production plants worldwide as of 2019, with most plants located in China, Europe,
and the US4. As reported by the National Glass Association, these plants manufacture, on
average, one million tons of glass a week worldwide.4,5 Additionally, a 2020 update on glass
production within the US predicted an increase of 1.1% by 20236.
The majority of glass within the general population remains intact. Still, the evidentiary
value of glass in forensics begins when the glass is broken and transferred to its vicinity during a
criminal event. Glass can break into fragments of various sizes when force is applied. This glass
shattering is random, but it is known to travel up to 4 meters in the same and opposite directions
of the breaking force.7–9 As a result, it is common to find broken glass at crime scenes such as
burglaries, assaults, hit-and-runs, and homicides. Glass fragments < 1 mm in size can be
transferred to the persons involved during a crime via primary or secondary contact.8–11 Many
factors affect this transfer in a predictable manner, such as the amount of force applied to the
glass, the objects used to break the glass, the distance from the window, the clothing of persons
involved with the breaking, and the window and fragment sizes. Additionally, studies exploring
the persistence of glass have found that the post-breaking activity and type of clothing play
essential roles.7
The chemical composition and optical properties of glass will not change over time or
when exposed to most environmental factors, with the exception of alkali metals in glass.109
However, studies have shown that the amount of glass retained on surfaces decreases over time.
As with other trace evidence, reducing the time between recovery and analysis is critical during
an investigation.
Similarities between glass from a crime scene and glass found on a suspect can suggest
that the suspect was in the near vicinity when the glass was broken. Reporting on the
significance of the evidence depends on factors such as the rarity of the glass and the
instrumental techniques used for analysis.
Once the known and questioned glasses are recovered at the crime scene, forensic
examiners analyze and compare their physical, optical, and elemental properties. Figure 1 shows
a diagram of a typical scheme for the analysis of glass. Physical properties such as color, size,
shape, and thickness can help classify the type of glass. Also, during the physical and
microscopic examination of the glass, the presence of a physical fit can determine that two or
more glass fragments were once part of the same object. However, casework samples are rarely
large enough to conduct a physical fit comparison, so the optical properties such as the refractive
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index (RI) and the elemental composition are used to evaluate similarities or differences among
class characteristics.12 Refractive index is a method used in many laboratories across the country,
and ASTM International has published a standard test method for the automated glass refractive
index measurement process using the oil immersion method with a phase-contrast microscope
(ASTM E1967-19).12 However, as the glass industry has advanced, the refractive index of glass
has become more controlled by the manufacturer. This can lead to reduced discrimination power
when using refractive index measurements to differentiate the same type of glass (90%
discrimination).13,14 Many forensic laboratories use refractive index techniques because the
instrumentation is inexpensive and easy to use while providing informative leads. However,
when RI cannot differentiate between glass sources, examiners evaluate the elemental properties
of glass using sensitive analytical methods to detect trace elemental differences within the
fragments and provide further discrimination (i.e., LA-ICP-MS > 99%).17,19

Figure 1. Schematic depicting the typical analytical scheme within forensic laboratories.
Analytical methods for the elemental analysis of glass include scanning electron
microscopy energy dispersive spectroscopy (SEM-EDS), neutron activation analysis (NAA),
atomic absorption spectrometry (AAS), micro-X-ray fluorescence spectrometry (μ-XRF),
inductively coupled plasma atomic emission spectroscopy (ICP-AES), laser induced breakdown
spectroscopy (LIBS), inductively coupled plasma mass spectrometry (ICP-MS), and laser
ablation inductively coupled plasma mass spectrometry (LA-ICP-MS).15 Most crime laboratories
no longer use some of these techniques because of their limited discrimination power, extensive
sample preparation, time for analysis, or destructive nature. As a result, the two most widely
used elemental techniques for the forensic analysis of glass within crime labs are μ-XRF and
LA-ICP-MS.16 Examiners use μ-XRF because it is a non-destructive technique with high
sensitivity and short analysis times (2-10 minutes per replicate) with new silicon drift detectors
(SDD).17 Many within the forensic glass community consider LA-ICP-MS as the “gold standard”
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because of its high sensitivity and ability to obtain quantitative data with high accuracy and
precision. LA-ICP-MS has been shown to discriminate soda-lime glass produced from the same
batch at the same manufacturer up to two weeks apart.18 However, the technique has a high cost
of acquisition and maintenance. On the other hand, LIBS is an emerging technique within the
field due to its potential for a high discrimination power, limited sample preparation, and speed
of analysis. LIBS’s sensitivity and discrimination capabilities are comparable to μ-XRF,13,19 but
it is a less mature method and has not yet gained consensus-based standards.

1.2. The manufacturing of glass products
An important aspect of the interpretation of glass is to understand its manufacturing and
distribution to end-users by glass type. Thus, this section summarizes some concepts of glass
manufacturing that examiners often consider when making decisions of sampling, analysis, and
data interpretation.
It is estimated that humans began making glass around 4000 B.C. in ancient
Mesopotamia,2 While the process has since been refined, the major components of glass have
remained relatively consistent and are described as the former, flux, and stabilizer. The former
makes up the largest component of glass, forms the main structure within glass, and commonly
comes from the silicon dioxide (i.e., silica) found at desirable purity levels in some types of
sand.1–3 Common types of flux/modifiers such as soda ash or potash are incorporated to help
reduce the melting temperature of the mixture and prevent molecular rearrangement leading to
crystallization.1–3 Stabilizers are added to glass to increase the final product’s chemical
durability, and a common stabilizer is limestone.1–3
The ASTM standard C162 defines glass as the “inorganic product of fusion that has
cooled to a rigid condition without crystallizing”.20 This process involves heating the solid
components of glass until they become a homogeneous liquid, followed by rapidly cooling the
product so that the glass solidifies before crystalizing. As a result of the rapid cooling, the glass
molecules have a disordered nature characteristic of liquids but present as a solid material.1–3
This phenomenon is often referenced as the glassy state, which leads to the distinctive physical
properties of glass.1–3
Manufacturers alter the properties of glass in many different ways to fulfill specific
purposes. Changing the major and minor glass components can add strength, heat resistance, or
chemical resistance to the product.1–3 The minor and trace components that make up glass are
either added intentionally by the manufacturer or introduced unintentionally due to the
manufacturing process. The minor and trace components of glass allow for the discrimination
between glass sources and are very important in the forensic glass contex.1–3,21
Float glass is a term used to describe glass manufactured in large, flat sheets using the
float glass process.2,20 These sheets of glass are of a uniform thickness and are commonly used
for architectural (windows and doors) and vehicular (side windows and windshields) purposes.
This type of glass is called soda-lime silicate glass because its main components are silica, soda,
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and lime.20 The process of manufacturing float glass begins by heating the raw materials until a
homogeneous liquid forms. The molten liquid floats across a bed of more dense molten tin,
effectively creating flat, even glass sheets.20 During this process, the molten tin can leach into the
surface of the glass (nanometers to a few microns) that it has contact with (the float side), and
this small layer can be visualized using an ultraviolet light source or by elemental analysis.
Additional trace elements such as Sr, Zr, and Al can migrate into the glass melt from the kiln
bricks used in the ovens, providing different chemical profiles in the same manufacturing line
over time.
Traditional soda-lime glass will shatter upon impact and break into smaller fragments
with sharp edges. Therefore, annealed glass is a safety measure used in some windows to prevent
broken glass from harming individuals. Annealed glass is heated again to a temperature where
the physical shape of the glass cannot be deformed, but the internal stress of the glass can be
relieved (a.k.a. tempered glass, annealed glass, or safety glass).20 Annealed glass will break into
fragments with relatively smooth edges; this glass is used in vehicular side and rear windows and
certain doors, windows, and tables.
The glass used in the windshields of vehicles uses a method other than annealing to
increase the safety of drivers and passengers. When vehicles are involved in accidents, the
individuals inside are subject to injury by striking or going through a windshield. Laminated
soda-lime glass helps to prevent significant harm. This process involves adhering two sheets of
float glass together using a thin adhesive film. When windshield glass breaks, it is more likely
for the broken fragments to stick to the adhesive and the added strength of the two panes
prevents more severe injuries.
A less common type of glass in the forensic community is alkali aluminosilicate glass,
which is used in various electronic devices. As its name would suggest, this type of glass
contains high levels of aluminum oxide. Borosilicate glass has more than 5% boric oxide and is
used in laboratory equipment, cookware or headlights due to its thermal resistance compared to
soda-lime glass.1–3 Aluminosilicate glass shares many similar properties to borosilicate glass but
has increased thermal resistance.2 It is a popular choice for the electronic device community
because of its scratch resistance, hardness, and thin properties. The propriety fusion process
(invented by Corning) involves melting the raw materials until liquid forms and flows naturally
down in a controlled manner. This process creates two thin sheets of flowing glass that is
eventually joined together in the air.22 The ability to create extremely thin sheets of glass that are
not subjected to the weakening properties of filing the surface down is desirable to electronic
device manufacturers who want a thin but strong glass screen. Alkali-aluminosilicate glass
contains 10 to 20% aluminum oxide and over 10% alkali. The high alkali content aids in the ion
exchange process, toughening the glass.23 A molten potassium water bath facilitates the
ionization process as larger potassium ions replace the smaller sodium ions on the surface of the
glass. Since potassium ions are larger than sodium, the stress induced by the larger ion creates a
more rigid surface.24 This effect can lead to an elemental increase of potassium and a sodium
depletion at the surface of the alkali-aluminosilicate glass, which is not usually seen in other
glass types.25
4

1.3. Laser Induced Breakdown Spectroscopy
1.3.1. LIBS fundamentals
LIBS is an analytical spectroscopic technique with benefits that include little to no sample
preparation, analysis of various sample matrices, simultaneous multi-element analysis, low limits
of detection for multiple elements, and short analysis times. LIBS glass analysis only takes a few
seconds to 2 minutes allowing for high sample throughput. Figure 2 shows a diagram of the LIBS
instrumentation with the instrument’s parts labeled. Within the LIBS process, the operator focuses
a high-powered monochromatic laser onto a sample using a series of lenses. The laser will ablate
(remove) a small amount of the sample leaving behind a small crater (~few ng to μg). The laser’s
interaction with the sample creates excited atoms and ions that induce a temporal micro-plasma.26
The plasma raises the molecules, atoms, and ions to their excited state. When the plasma cools
down, the excited atoms and ions relax to their ground states. Each atom and ion will emit
characteristic spectral light collected by an optical fiber, dispersed by the spectrometer, and
detected by the detector.27

Figure 2. Block diagram representing the main components within a LIBS instrument.
The laser within a LIBS system provides the irradiance needed to create the plasma. A
common laser used in LIBS systems is the pulsed Nd:YAG (Yttrium Aluminum Garnet) laser
operating at harmonics of 1064 nm, 532 nm, 355 nm, 266 nm, and 213 nm.28 The pulse width
determines the length of the burst of laser light interacting with the sample and typically ranges
from 4 to 15 ns. Some standard spectrometers within LIBS systems are the Echelle and the CzernyTurner. The Czerny-Turner spectrometer directs the light into a slit and collimates it using mirrors.
This collimated light hits a diffraction grating and is separated into different directions based on
its wavelength. The final mirror within the spectrometer focuses the light onto the detector.28 For
an echelle spectrometer, the light is diffracted for a small range of wavelengths.28
The gate delay and the gate width are essential parameters of the spectrometer that
influence the instrument’s sensitivity. The gate delay is the time between the laser pulse and the
when the detector begins acquiring a signal. The gate width is the length of time the detector will
be collecting the signal. For a typical Nd:YAG laser, both the gate width and gate delay have an
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order in the microseconds. Due to the wide range of diffracted light from the spectrometer, some
systems have multiple detector channels, each representing a different wavelength range within
the spectrum. A charged coupled device (CCD) or intensified charged coupled device (ICCD)
allows for the visualization of two-dimensional spectral data. The light is intensified in an ICCD,
improving signal-to-noise ratios, but a CCD has fewer background interferences. Additionally,
although an ICCD provides better sensitivity and resolution, an ICCD is more expensive.28
1.3.2. Applications of glass analysis using LIBS
The application of LIBS in fields outside of forensic science involves electronics,29 food
analysis,30 coal,31 the brass industry,32 geology,33 and archeology.34–36 Glass analysis using LIBS
has many research interests in numerous fields. Early uses of LIBS involved removing
contaminants from the surface of archeological glass using laser ablation. A study published in
2000 used a KrF laser operating at 248 nm to “clean” encrusted historical glasses.37 This group
used low laser fluence (~2 J/cm2) to monitor plasma emission and created an automated process
to remove the encrustation without damaging the glass beneath.37Since the simultaneous increase
of Mg and Si with the decrease of Ca indicated that the encrustation was removed, the researchers
selected an intensity ratio of Si 288.2/Al 308.3 as a threshold for the automatic cleaning process.37
While LIBS is a destructive technique and can be used to remove unwanted material, most
research surrounding LIBS applications to glass focuses on the classification or discrimination of
glass. A study of steel and glass examined glass produced with defects (gas bubbles) to determine
the cause.38 Using semi-quantitative analysis techniques, the increase of aluminum, decreased
calcium, and the variation of silicon across the defect indicated that an aluminum oxide corrosion
caused the defect.38 These findings show the ability of LIBS to monitor typical elements within
glass and determine differences within a defective piece of glass.38 The researchers also reported
that changes in plasma temperatures caused variability between laser pulses suggesting that
inherent variability is introduced through the LIBS analysis of glass that can affect forensic glass
comparisons.38 In 2008, Szelagowska et al. analyzed eight glass samples (5 historical and 3
modern) using SEM-EDS and LIBS to classify the samples as either soda-lime-silicate or potashlime-silicate.39 Using the elemental composition from both SEM-EDS and LIBS, the authors found
that the historical glasses were potash-lime and the modern glasses were soda-lime; the authors
also successfully classified an unknown glass as historic.39 Additionally, the researchers found
differences between the historical glasses based on the reported time period and between the
modern glasses indicating the potential for discrimination within the historical and modern
groups.39 This study supported the complementary use of SEM-EDS and LIBS to classify glass by
type.39
More recently, a study by Tankova et al. used LIBS to analyze five medieval glasses from
Bulgaria that were either colored or colorless. Similar to the previous studies, these glasses were
all classified as potash-lime, and they were all reported to be collected from the same location.
Using qualitative data, there were no elemental differences between glasses of the same color, but
differences within tin, iron, manganese, and copper were used to classify glass fragments of
different colors.40 These studies report the use of LIBS for classifying glass fragments and, in some
cases, providing additional discrimination within the same classification of glass.
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To improve the classification and discrimination of glass using LIBS, many researchers
have explored ways to improve signal intensities for the detection of trace elements within glass.
In 2006, the utility for LIBS to be combined with laser-induced fluorescence was demonstrated
with various glasses doped with Yb, Al, and P. Higher intensities of the same elements were seen
using the combined technique than with just LIBS alone.41
In 2017 Wang et al. found that increasing the temperature of the femtosecond laser could
increase the spectral intensity and the signal-to-noise ratio of spectral lines.42 This group also noted
that for users who were unable to raise the temperature of their laser, a gate delay between 0.5 and
2 µs produced the most optimal results.
Chappell et al. used a statistical interference factor (SIF) algorithm to determine spectral
lines that had severe interferences in pure silicon wafers and complex glass matrices such as the
National Institute of Standards and Technology (NIST) standard reference material (SRM ®) 612.43
This research demonstrated the utility of this algorithm to assist with selecting appropriate spectral
lines, especially when the user inputs any prior knowledge of interfering lines. The selection of
emission lines with no interferences helps to improve both qualitative and quantitative data
analysis techniques used on the LIBS data.
In 2018, researchers demonstrated that a 45 nm coating of gold nanoparticles on the surface
of the glass allowed for the presence of signals after just one laser pulse.44 These findings are
significant because the same experiment on glass with no coating produced no signal 44 Also, the
single pulse of the laser results in minimal damage to the sample surface, further reducing the
destructive nature of LIBS 44
A similar study published in 2020 explored the enhancements of LIBS spectra using glass
with a graphene coating. Like with the nanoparticles, the graphene coating significantly increased
the intensities of various spectral lines after only a single shot analysis. Still, the authors mentioned
that the graphene could cause errors in measurements of C, Fe, Cu, and N.45 The coating of glasses
could have some utility in forensic analysis, but analysts would need to be aware of the
interferences from the coating of choice.
1.3.3. Applications of calibration techniques to LIBS analysis
The vast majority of quantitative LIBS analyses have been conducted outside of the
forensic science field because many forensic applications of LIBS are successful when using
semi-quantitative methods. Although some calibration-free methods have been proposed,46 one
challenge for LIBS analysis is the relative unavailability of matrix-matched standards for
quantitative data. To improve accuracy, researchers explore the use of various univariate and
multivariate calibration techniques.
Earlier studies reported the use of simple linear regression (SLR) for the quantification of
elements within various materials using LIBS. A study by Mü ller et al. used eleven standard
reference glasses to create calibration curves to quantify historical glasses. Using univariate
calibration methods, they struggled to obtain high R2 values and indicated the issue was selecting
an interference-free line for each element.47 However, Lazic et al. used simple linear regression
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to quantify marble samples analyzed by LIBS and obtained R2 values ranging from 0.95 to
0.99.34 This paper highlighted the importance of choosing the interference-free emission lines,
which can be difficult for some matrices like glass.34 These studies cited factors such as
irradiance, implementing correction factors to account for plasma temperature, or delay time
significantly improved the calibration results.34
A 2006 study compared three techniques to improve the performance of SLR for the
quantitative analysis of rocks using LIBS.48 The three methods tested were using an external
reference sample with normalization to the sum, selecting oxygen as an internal standard, and
implementing a calibration-free method.48 The researchers found that either internal or external
standards improved the quantification, while the calibration-free method performed worse
because many assumptions were made.48
Two studies, published in 2007 and 2010, compared LIBS systems operating with a 266
nm, 532 nm, and 1064 nm wavelength laser.49,50 In both studies, the applicability of SLR varied
per quantification element, with aluminum producing R2 values around 0.7 and strontium
producing R2 values from 0.90 to 0.99. Overall, a 266 nm laser provided better precision and
would be more beneficial in obtaining quantitative data using LIBS than a 532 nm or 1064 nm
laser.49,50
Negre et al. used two sets of glass to create SLR calibration curves: eight laboratorymade fused glass beads and eight previously quantified different-source glass bottle fragments.
The fused glass beads made calibration curves with R2 values greater than 0.999, while the bottle
glass standards created calibration curves with R2 values greater than 0.998. The researchers
reported a quadratic curve fit the bottle glass standards better than a linear curve. The bottle glass
standards produced slightly more variability between the predicted and known concentrations for
the unknown glass analyzed.51
Another statistical study gave eight participants from different labs the same series of
LIBS spectra with the given concentrations of 6 glass fragments and asked them to predict the
concentrations of Na, Si, Ca, Al, and Cr in 2 unknown glasses. Even though the participants all
received the same data, the SLR quantification results varied from each other. The choice of
spectral lines, data pre-processing, and linear or quadratic models were hypothesized to cause the
differences between participants. Due to these differences, the researchers suggested a standard
method when quantifying elements within glass. The technique involves testing multiple signal
extraction methods, evaluating linear and quadratic models, and comparing metrics like R2,
LOQ, and trueness to determine the best method.52
More recent studies examined the use of multivariate techniques for obtaining
quantitative LIBS data, such as multiple linear regression (MLR), principal component
regression (PCR), and partial least squares regression (PLSR). Li et al. proposed a simplified
spectrum standardization method paired with multiple linear regression to quantify brass in
alloys.32 The findings suggested that normalization of the entire spectra before applying various
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linear regression reduced relative standard deviations (RSD) values and made accurate
quantitative measurements more attainable.32
A 2016 study used LIBS to quantify manganese in glass matrices with SLR, PCR, and
PLSR. While SLR performed well (R2 values from 0.80 to 0.99), the use of ratios, internal
standardization, and normalization was required.53 Using MLR, PCR, or PLSR for quantification
required less manipulation of the original spectra and was faster to implement while still
producing good linearity.53 Another study by the same research group used three phosphate
glasses with varying concentrations to construct calibration curves using multiple linear
regression. Using an internal standard, they obtained high R2 values (0.99) for many elements.54
Cama-Moncunill et al. used LIBS to quantify copper and zinc within infant formula.55 A
comparison of SLR, MLR, and PLSR determined that PLSR was the most suitable method for
quantification.55 Two copper emission lines were used to build the MLR model, and 6 emission
lines created the iron MLR model.55 MLR R2 values ranged from 0.85 to 0.90, but the model’s
accuracy suffered during validation producing R2 values between 0.658 and 0.768.55 A recent
study analyzed various food-packaging containers to determine whether they could be
discriminated. They examined 47 different emission lines from the spectra and used multiple
NIST glass SRMs to create the calibration curves. The authors only saw a linear trend with
potassium using the univariate least squares regression method. When using the multivariate
partial least squares regression method, reported concentrations were predicted accurately. Using
hierarchical clustering analysis, they successfully discriminated glass based on the type and only
noted increased variability within one packaging sample.56
1.3.4. Applications of glass analysis using LIBS within the forensics field
Within the forensics field, LIBS has applications in gun-shot residues,57–62 plastics,63
tapes,64,65 soil,66–68 paint,69,70 and explosives.71–73 Additionally, several studies detail the use of
LIBS for forensic glass analysis.35-59 LIBS is an attractive tool in forensic science because of its
speed of analysis and affordable cost. Forensic labs with high sample throughput and restricted
budgets can benefit significantly from incorporating LIBS into their analytical scheme. In 2005,
Almirall et al. used various analytical techniques, including LIBS, to discriminate 22 different
glasses with different refractive indexes and 21 different glasses with similar refractive indexes.
The findings from this study showed that LIBS had a discriminating power that fell in a range
between μ-XRF and LA-ICP-MS, but only if the LIBS data were all collected on the same day.74
Bridge et al. obtained similar discrimination powers when applying LIBS to the forensic
analysis of glass.75 This group discriminated 92.9% of 253 automobile soda-lime glass
comparisons using a 90% confidence interval. Optimal results were achieved by utilizing
elemental ratios, a common practice in the forensic analysis of glass using other methods such as
μ-XRF.75 This study further supported the claim that coupling the refractive index with either
LIBS or LA-ICP-MS increases the ability to discriminate glass from different sources. The same
research group reported the superior discrimination power of LA-ICP-MS compared to LIBS. In
this study, LIBS distinguished the majority of automotive side windows, headlamps, and brown
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bottle glass with a discriminating power of around 98%. However, LIBS performed poorly when
discriminating side mirror glass (overall 87.2%).76
Naes et al. applied LIBS, LA-ICP-MS, and μ-XRF to discriminate 41 samples of
automobile glasses collected from 14 different vehicles.19 Discrimination powers of 99.4% and
99% were achieved for LA-ICP-MS and µ-XRF, respectively, and the discrimination power of
LIBS was similar to the previous methods.19 Interestingly, incorrectly associated samples (false
inclusions) were consistent across the three methods, and all false inclusions were between glass
collected from the same vehicle (inner and outer pane).19
Early studies also focused on determining the best practices for forensic glass analysis
using LIBS. In 2008 Rodriguez-Celis et al. found promising results when using linear and rank
correlation to discriminate vehicle glass from seven different automobiles. Using a 95%
confidence level for type 1 errors, all of the glass from the same source was correctly classified,
and all of the glass from a different source was correctly discriminated.77 Another study used
linear correlation to discriminate 25 automotive glass fragments. The researchers developed an
improved identification procedure by creating a spectral library of averaged spectra with a
moving mask applied to each correlation and the outliers removed. When using the library to
identify an unknown sample, the researchers achieved 100% discrimination.78
The Almirall group at Florida International University (FIU) conducted a series of studies
to assess the forensic analysis of glass using different laser wavelengths.49,50 Barnett et al. found
that a 266 nm laser was preferred over a 532 nm laser because of improved precision and
increased mass removal.49 The slight cracking that occurred with the use of the 266 nm laser did
not affect the reproducibility of the method. The following study compared a 1064 nm laser to a
266 nm laser for the analysis of glass. Again, the 266 nm laser was recommended over the 1064
nm laser because it produced calibration curves with good precision and bias and minimized the
damage to the sample.50
In a more recent study, thirty-three fragments from twenty different Australian vehicle
window glass found only ten indistinguishable pairs out of 595 comparisons. When using LIBS
paired with RI, the authors found that LIBS performed similarly to other analytical techniques.
While these measurements were done on full-thickness glass fragments, they highlighted the
need for studies on small fragment glass using LIBS.79 The use of LIBS was further established
when Gupta et al. did not find significant differences when comparing intra-day and inter-day
variability of LIBS spectra using three different statistical methods. This group advocated using
elemental ratios to account for differences in the amount of sample ablated between replicates.80
A recent inter-laboratory study by Corzo et al. compared various analytical and optical
techniques across 17 laboratories using full-thickness automobile glass broken into about 1 mm
size fragments. For labs that participated in LIBS analysis, the lack of standard practices caused
the results to differ between labs. This highlights the necessity of developing a standard
procedure before integrating LIBS into real casework analysis.13 In 2022, a homogeneity study
was conducted within our group using LIBS, µ-XRF, and LA-ICP-MS. Reported variability
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within a single pane of modern glass was < 10% for most emission lines and elemental ratios for
LIBS and µ-XRF and < 5% for LA-ICP-MS.17 False inclusion rates improved when more than
one fragment was used to characterize the known sample, a more realistic approach in forensic
laboratories.17

1.4. Micro X-Ray Fluorescence Spectrometry
1.4.1. Benefits and drawbacks of µ-XRF
Micro-XRF is a powerful analytical tool with many benefits, such as requiring a small
sample area, minimal and safe sample preparation, nondestructive analysis, relatively low cost,
and automated analysis capabilities. μ-XRF is currently the most popular tool for the elemental
analysis of glass fragments used by crime labs.16 A survey conducted in 2022 found that 19 out
of the 28 participating laboratories used only µ-XRF to perform the elemental analysis of glass.
The following most popular technique was µ-XRF paired with SEM-EDS (five laboratories).16
These findings were expected because μ-XRF is relatively inexpensive, easy to maintain, and
can be used to analyze other trace materials such as tape,81 paint,82 and soil.66 Also, μ-XRF
allows for the analysis of small glass fragments.83 Finally, a standard method outlines best
practices for analyzing and comparing glass using μ-XRF.84
Micro-XRF uses X-rays generated within an X-ray tube and focuses them into a small
area (≥ 15 m-100 m diameter). When the X-ray beam is focused onto a sample, it interacts
with the atoms that make up the sample. This interaction causes an electron to eject from the
inner orbitals by inelastic collision, leaving behind an unstable excited atom configuration. An
electron from a higher orbital will move down to fill this vacancy and restore stability. As this
electron moves from a higher orbital to a lower orbital, characteristic photons of discrete energy
are released. The incident X-rays is converted into a signal and the characteristic peaks
correspond to different elements within the sample. Then, the characteristic energy x-rays are
used to determine the material’s elemental composition. Figure 3 shows a diagram of a µ-XRF
with the main components of the instrument labeled.
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Figure 3. Block diagram of a µ-XRF showing the main parts of the instrument.
The main components of a μ-XRF instrument are the X-ray source, sample chamber,
sample positioning stage, and X-ray detector. For μ-XRF instruments, the additional capillary
optics collimates the radiation and allows for small spot sizes (<50 m). The two kinds of
capillary optics are monocapillary and polycapillary.85 As the name suggests, monocapillary
optics are constructed as a single hollow channel and can be cylindrical, ellipsoidal, or
paraboloidal in shape.85 Polycapillary optics contain many hollow tubes that work to focus the
light into a smaller spot size.85
The most common X-ray source is X-ray tubes, but two popular alternatives are a
radioactive source or a synchrotron.86 An X-ray tube works with a cathode that expels electrons
produced within the tube by heating the filament (typically rhodium, molybdenum, or tungsten).
The anode converts the energy from the electrons into X-rays in a process known as
Bremsstrahlung. The material encasing the cathode and anode must withstand extreme heat and
maintain a vacuum, while a beryllium window allows the X-rays to pass.87 After the X-rays pass,
the capillary optics shape the beam of X-rays to a small spot size before the beam reaches the
sample. The capillaries optics catch and focus the large solid angle radiation (X-rays) to produce
brilliant radiation. This brilliant radiation bounces through the glass capillaries and is focused
into a small size. This process allows for small spot sizes while maintaining the initial intensity
of the X-rays.85
There are two common types of high sensitivity detectors for μ-XRF: silicon lithium
detectors (SiLi) and silicon drift detectors (SDD). These detectors have superior sensitivity to
older detector methods and can measure X-rays with different energies simultaneously (i.e.,
measure multiple atoms simultaneously). The SiLi detectors contain a silicon crystal that has
been drifted with lithium. After interaction with the sample, the incident X-rays are absorbed by
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the crystal and are converted to a charge by ionization. After, these electrons are converted to a
voltage signal and then into a digital measured value.85 While SiLi detectors have good
resolution and sensitivity, modern SDDs have been shown to produce larger intensities and better
precision.85 SDDs contain high purity silicon and have a large area to capture more x-rays. A
bias is applied to the silicon as the X-rays hit, and they are converted to an electron cloud that
has a charge proportional to the energy of the X-ray. A drift field structure will direct the
electron cloud to a readout anode where it will be converted to a voltage signal and then a count
signal.85
1.4.2. Applications of glass analysis using µ-XRF within the forensics field
In 1986, Ryland reported that the Ca/Mg and the Ca/Fe ratios are the most useful for
classifying sheet vs. container glass when using SEM-EDS and µ-XRF.88 He proposed that a
Ca/Mg ratio greater than 15 and a Ca/Fe ratio greater than 30 were indicative of container
glass.88 For the Ca/Fe ratio, slight overlap occurred in the 24 to 30 range resulting in some
unclassifiable glass fragments. Overall this method successfully classified 93% of the samples
examined.88
Howden et al. proposed a method for analyzing small glass fragments weighing ~1 mg
and ~200 g and measuring from 7 mm to 13 mm in length. When testing the reproducibility of
the fragment analysis, researchers reported that the size and shape of the fragment causes more
variability within the measurements. The variability was enhanced when analyzing the ~200 g
fragments compared to the 1 mg glass fragments. When examining 24 ~200 g glass fragments
originating from different sources, qualitative differences were noted for some comparisons, and
peak area ratios were used to further discriminate similar glass fragments. To determine a
baseline for discrimination, this study suggested that either one qualitative difference in the
spectra or two quantitative differences in the spectra should be used to differentiate two sources
of glass.89 However, this recommendation no longer applies and current guidelines are based on
recent reseach.84
In 1990, Pozsgai et al. analyzed green beer bottle fragments 2-3 mm and 0.3 mm long.
The thickness of the fragments was maintained at 200 um to reduce critical depth effects.
Regardless, the smaller fragments had larger intensities for lighter elements and smaller
intensities for heavier elements compared to the 2-3 mm long fragments. The researchers used a
spot size of 300 um and suggested that a smaller spot size could improve results.90
Koons et al. collected 81 tempered glass fragments from the side windows of automobiles
and analyzed fragments < 5 mg using energy dispersive XRF (ED-XRF).91 The researchers
reported increased precision ( > 20% relative standard deviation, RSD) for Sr and Zr, but found
that using a Sr/Zr improved the precision (~12% RSD). Additionally, analysis using ED-XRF
discriminated 95% of the glass fragment comparisons and the discrimination increased when
combining ED-XRF with refractive index.91
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Roedel et al. focused on obtaining quantitative data with good precision and
reproducibility when analyzing glass fragments measuring 1 mm, 0.315 mm, 0.1 mm, and 0.05
mm using μ-XRF. They reported increased % RSD values as the fragment size decreased (ranged
from 17% to 116%) but noted that normalization could improve the precision.92 Additionally, the
researchers could only successfully quantify fragments 1 mm and above due to the thickness of
the smaller sizes.92
In 2004, Vittiglio et al. developed a compact µ -XRF instrument that included an SDD
and successfully discriminated glass from five different vehicle windows for cultural heritage
items. They also assessed the intra and inter variability within the different car windows.93
Ryland et al. analyzed glass sets using µ-XRF where the fragments had similar refractive
indexes. The authors demonstrated that µ-XRF had a higher discrimination power than RI for
this glass set analyzed when combining t-tests, mean ± 3s, and spectral overlay (99.5 for μ-XRF
vs. 93% for refractive index).94 An additional subset of thin (~1 mm) glass fragments were
analyzed, and the authors reported a decrease in the discrimination power (95%) due to critical
depth effects.94
In 2012, Ernst et al. developed a method for calculating signal-to-noise ratios for
commonly found elements in glass. This method was tested by several different laboratories that
used different µ-XRF instruments and all successfully determined the presence or absence of an
elemental peak from the spectral background using the proposed method.95 Trejos et al. sent
glass standards to various laboratories and performed a cross-validation of several analytical
methods. This series of inter-laboratory studies tested the ability of µ-XRF to analyze fullthickness large glass fragments (~20 to 12 mm) and small glass fragments (~1 to 5 mm). The
varying results among laboratories indicated a need for developing and validating standard
comparison criteria. Overall, there was good precision and reliability between the µ-XRF data
collected at different laboratories, and this study showed that μ-XRF could detect many of the
trace elements needed to differentiate glass.96 These manuscripts are part of the fundamental
studies that demonstrated µ-XRF as valuable tool for differentiating glass fragments with similar
refractive index values. The previous studies, based on µ-XRF instruments with SiLi detectors,
are referenced and utilized as standard practice for the forensic analysis of glass in the ASTM
method.84
More recently, Cheng et al. applied a portable µ-XRF instrument to glass standards, 11
glass samples from the same source and 14 glass samples from different sources. A
discrimination power of 98.3% was reached using the portable µ-XRF instrument indicating a
similar discrimination ability to a benchtop µ-XRF.97 In 2016, Funatsuki et al. used µ-XRF and
PCA to classify 75 sheet glasses by manufacturer. This method calculated the concentrations of
elements within the glass fragments and found that Ce was crucial in successfully classifying all
samples to the correct manufacturer.98 Scruggs et al. analyzed container glass from two CocaCola bottles and one Pepsi bottle using a primary beam filter to enhance trace elements. They
differentiated all fragments from Pepsi to Coca-Cola bottles using peak ratios and range overlap.

14

Still, they could not distinguish between the two Coca-Cola bottles purchased in different
years.99
Corzo et al. used two µ-XRF instruments to analyze small glass fragments < 1 mm. The
results showed that by increasing the distances of the sample from the stage, the signal-to-noise
ratios improved specifically in the higher energy region.100 A 2021 interlaboratory study
consisting of three exercises, evaluated the false exclusion rates and false inclusion rates of the
same source and different source glass samples using µ-XRF.13 The labs that provided µ-XRF
results achieved no false exclusions for the 1st and 3rd exercise and false exclusion rates of 16.7%
for the second exercise.13 Similarly, no false inclusions were found for exercises 2 and 3, while a
false inclusion rate of 8.3% was found for exercise 1.13
Research conducted within our group analyzed multiple glass fragments originating from
a single windshield using -XRF. While %RSD values less than 10% were achieved for most
elements, this study cited increased false exclusion rates when conducting pairwise comparisons
between the windshield fragments.17 This finding was due to the improved sensitivity of modern
instruments equipped with SDDs and high intensity polycapillary optics. The authors
recommended using a modified comparison criteria to reduce the false exclusion rates and an
increased number of known fragments.17

1.5. Current Challenges with glass evidence examinations
Over the recent years, there has been extensive research on the analysis and interpretation
of the elemental composition of glass. Organizations such as NIST’s Organization of Scientific
Area Committees (OSAC), the National Institute of Justice (NIJ), and the Association of Trace
Evidence Examiners (ASTEE) identify research needs within the various disciplines of forensics.
The most current research needs within the forensic analysis of glass involve exploring the
variability effects of small glass fragment analysis, assessing changes in elemental compositions
of modern sources of glass, developing new data analysis techniques that minimize error rates,
updating current knowledge to account for technological advancements, and improving the
interpretation of glass evidence.101–104 This study aims to provide practical solutions to these gaps
by evaluating methods to understand and minimize variability in the LIBS and μ-XRF analysis
of glass.
Homogeneity and discrimination studies of glass have been conducted using various
analytical instruments.4,21,105,106 A recent study published by our group reported the homogeneity
of modern windshield glass using LA-ICP-MS, LIBS, and µ-XRF.17We reported that the
windshield was homogeneous using all three methods with %RSD values < 5% for LA-ICP-MS,
< 12% for µ-XRF, and < 20% for LIBS. Our study and the majority of homogeneity studies
focusing on LIBS or -XRF examine full-thickness glass fragments. This study will expand on
current research and techniques by applying current consensus-based practices to the analysis of
small and irregular glass fragments. Glass fragments encountered in casework are typically less
than one millimeter in size and irregularly shaped.83 Fragments that are not full thickness can
affect the precision and interpretation of the data for different analytical techniques.88,89,100,107 A
recent study by Becker et al. found using LA-ICP time of flight mass spectrometry allowed for
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the analysis of glass fragments as small as 0.1 mm.108 However, similar studies for μ-XRF and
LIBS are still needed. Determining the limitations of small glass fragment analysis is essential to
aid examiners in interpreting glass evidence at both the crime scene and determining the
association between glass fragments.
Another challenge within the forensic glass field is the emergence of new glass sources
with forensic implications. The glass from portable electronic devices (PEDs) is a potential
forensic glass source due to the recent prevalence of PED’s within the population. The glass
from PEDs originates from the device’s screen and is reported to contain alkali-aluminosilicate
glass.25 A study by Seyfang et al. investigated 61 different glass fragments from portable
electronic devices using refractive index measurements, μ-XRF, and LA-ICP-MS.25 They could
differentiate OEM glass fragments from common soda-lime glass fragments using all the
techniques. Still, They could not differentiate replacement glass from electronic devices from
soda-lime glass.25 This thesis will further investigate glass from portable electronic devices using
elemental techniques and their ability to differentiate OEM devices from screen protectors.
This thesis will investigate sources of variability within modern glass analysis and will
address research needs outlined by OSAC, the NIJ, and ASTEE. The following chapters explore
the analysis of small and irregularly shaped glass fragments using LIBS and µ-XRF, the forensic
applications of portable electronic devices and their screen protectors using various elemental
techniques, and the utility of multivariate calibration methods to quantify glass standards
analyzed with LIBS.

16

1.6. References
(1)
(2)
(3)
(4)

(5)
(6)
(7)
(8)
(9)

(10)

(11)

(12)
(13)

(14)
(15)

(16)

(17)

Caddy, Brian. Forensic Examination of Glass and Paint : Analysis and Interpretation;
Taylor & Francis forensic science series; Taylor & Francis: London ;, 2001.
Saferstein, R. 1941-2017. Forensic Science Handbook, 2nd ed.; Prentice Hall: Upper
Saddle River, NJ, 2002.
Desiderio, V. J.; Taylor, C. E.; NicDaéid, N. Handbook of Trace Evidence Analysis; John
Wiley & Sons Canada, Limited, 2020.
Almirall, J.; Trejos, T.; Lambert, K. Interpol Review of Glass and Paint Evidence 20162019. Forensic Sci. Int. Synergy 2020, 2, 404–415.
https://doi.org/10.1016/j.fsisyn.2020.01.010.
Devlin, K. The World of Glass: How Shifting Markets and New Players Are Transforming
the Float Glass Industry. Glass Magazine. February 14, 2016.
Dick, N. World of Glass Special 2020 Report. Glass Magazine. January 5, 2021.
Rupert, K.; Ho, M.; Trejos, T. Study of Transfer and Persistence of Glass in a Mock
Kidnapping Case. 2018, 8, 16–33.
Irwin, M. Transfer of Glass Fragments When Bottles and Drinking Glasses Are Broken.
Sci. Justice 2011, 51 (1), 16–18. https://doi.org/10.1016/j.scijus.2010.07.001.
Pounds, C. A.; Smalldon, K. W. The Distribution of Glass Fragments in Front of a Broken
Window and the Transfer of Fragments to Individuals Standing Nearby. J. Forensic Sci.
Soc. 1978, 18 (3), 197–203. https://doi.org/10.1016/S0015-7368(78)71203-X.
Hicks, T.; Vanina, R.; Margot, P. Transfer and Persistence of Glass Fragments on
Garments. Sci. Justice 1996, 36 (2), 101–107. https://doi.org/10.1016/S13550306(96)72574-1.
Cooper, Guy. The Indirect Transfer of Glass Fragments to a Jacket and Their Subsequent
Persistence. Sci. Justice 2013, 53 (Copyright (C) 2020 American Chemical Society (ACS).
All Rights Reserved.), 166–170. https://doi.org/10.1016/j.scijus.2012.06.003.
Standard Test Method for the Automated Determination of Refractive Index of Glass
Samples Using the Oil Immersion Method and a Phase Contrast Microscope.
Corzo, R.; Hoffman, T.; Ernst, T.; Trejos, T.; Berman, T.; Coulson, S.; Weis, P.; Stryjnik,
A.; Dorn, H.; “Chip” Pollock, E.; Scott Workman, M.; Jones, P.; Nytes, B.; Scholz, T.;
Xie, H.; Igowsky, K.; Nelson, R.; Gates, K.; Gonzalez, J.; Voss, L.-M.; Almirall, J. An
Interlaboratory Study Evaluating the Interpretation of Forensic Glass Evidence Using
Refractive Index Measurements and Elemental Composition. Forensic Chem. 2021, 22,
100307. https://doi.org/10.1016/j.forc.2021.100307.
Almirall, J. R.; Trejos, T. Advances in the Forensic Analysis of Glass Fragments with a
Focus on Refractive Index and Elemental Analysis. Forensic Sci. Rev. 2006, 18 (2).
Almirall, J. R.; Trejos, T.; Almirall, J. R.; Trejos, T. Advanced in the Forensic Analysis of
Glass Fragments with a Focus on Refractive Index and Elemental Analysis. Forensic Sci.
Rev. 2006, 18 (Copyright (C) 2020 U.S. National Library of Medicine.), 73–96.
Ovide, O.; Ernst, T.; Trejos. A Survey of Current Glass Analysis Practices within Forensic
Laboratories. American Society of Trace Evidence Examiners.
https://forum.asteetrace.org/topic/130/survey-results (accessed 2022-05-25).
Martinez-Lopez, C.; Ovide, O.; Corzo, R.; Andrews, Z.; Almirall, J. R.; Trejos, T.
Homogeneity Assessment of the Elemental Composition of Windshield Glass by Μ-XRF,
LIBS and LA-ICP-MS Analysis. Forensic Chem. 2022, 27, 100384.
https://doi.org/10.1016/j.forc.2021.100384.

17

(18) Trejos, T.; Koons, R.; Weis, P.; Becker, S.; Berman, T.; Dalpe, C.; Duecking, M.;
Buscaglia, J.; Eckert-Lumsdon, T.; Ernst, T.; Hanlon, C.; Heydon, A.; Mooney, K.;
Nelson, R.; Olsson, K.; Schenk, E.; Palenik, C.; Pollock, E. C.; Rudell, D.; Ryland, S.;
Tarifa, A.; Valadez, M.; van Es, A.; Zdanowicz, V.; Almirall, J. Forensic Analysis of
Glass by μ-XRF, SN-ICP-MS, LA-ICP-MS and LA-ICP-OES: Evaluation of the
Performance of Different Criteria for Comparing Elemental Composition. J. Anal. At.
Spectrom. 2013, 28 (8), 1270–1282. https://doi.org/10.1039/C3JA50128K.
(19) Naes, B. E.; Umpierrez, S.; Ryland, S.; Barnett, C.; Almirall, J. R. A Comparison of Laser
Ablation Inductively Coupled Plasma Mass Spectrometry, Micro X-Ray Fluorescence
Spectroscopy, and Laser Induced Breakdown Spectroscopy for the Discrimination of
Automotive Glass. Spectrochim. Acta Part B At. Spectrosc. 2008, 63B (Copyright (C)
2020 American Chemical Society (ACS). All Rights Reserved.), 1145–1150.
https://doi.org/10.1016/j.sab.2008.07.005.
(20) Standard Terminology of Glass and Glass Products.
(21) Trejos, T.; Koch, S.; Mehltretter, A. Scientific Foundations and Current State of Trace
Evidence—A Review. Forensic Chem. 2020, 18, 100223.
https://doi.org/10.1016/j.forc.2020.100223.
(22) How It Works: Corning’s Glass Fusion Process. Corning.
https://www.corning.com/worldwide/en/innovation/the-glass-age/science-of-glass/how-itworks-cornings-fusion-process.html.
(23) All About Aluminosilicate Glass - What You Need to Know. Thomas.
https://www.thomasnet.com/articles/plant-facility-equipment/aluminosilicate-glass/.
(24) The Secret of Tough Glass: Ion Exchange. Corning, The Glass Age.
https://www.corning.com/worldwide/en/innovation/the-glass-age/science-of-glass/thesecret-of-tough-glass-ion-exchange.html.
(25) Seyfang, K.; Redman, K.; Popelka-Filcoff, R.; Kirkbride, P. Glass Fragments from
Portable Electronic Devices: Implications for Forensic Examinations. Forensic Sci. Int.
2015, 257. https://doi.org/10.1016/j.forsciint.2015.10.023.
(26) Kelley, M. Plasma. Britannica. https://www.britannica.com/science/plasma-state-ofmatter.
(27) What is LIBS. Applied Spectra. https://appliedspectra.com/technology/libs.html.
(28) Anabitarte, F.; Cobo, A.; López-Higuera, J. M. Laser-Induced Breakdown Spectroscopy:
Fundamentals, Applications, and Challenges. ISRN Spectrosc. 2012, 2012.
https://doi.org/10.5402/2012/285240.
(29) Costa, V. C.; Castro, J. P.; Andrade, D. F.; Victor Babos, D.; Garcia, J. A.; Sperança, M.
A.; Catelani, T. A.; Pereira-Filho, E. R. Laser-Induced Breakdown Spectroscopy (LIBS)
Applications in the Chemical Analysis of Waste Electrical and Electronic Equipment
(WEEE). TrAC Trends Anal. Chem. 2018, 108, 65–73.
https://doi.org/10.1016/j.trac.2018.08.003.
(30) Markiewicz-Keszycka, M.; Cama-Moncunill, X.; Casado-Gavalda, M. P.; Dixit, Y.;
Cama-Moncunill, R.; Cullen, P. J.; Sullivan, C. Laser-Induced Breakdown Spectroscopy
(LIBS) for Food Analysis: A Review. Trends Food Sci. Technol. 2017, 65, 80–93.
https://doi.org/10.1016/j.tifs.2017.05.005.
(31) Palasti, D. J.; Metzinger, A.; Ajtai, T.; Bozoki, Z.; Hopp, B.; Kovacs-Szeles, E.; Galbacs,
G. Qualitative Discrimination of Coal Aerosols by Using the Statistical Evaluation of
Laser-Induced Breakdown Spectroscopy Data. Spectrochim. Acta Part B At. Spectrosc.

18

(32)

(33)

(34)

(35)

(36)

(37)

(38)

(39)

(40)

(41)

(42)

2019, 153 (Copyright (C) 2020 American Chemical Society (ACS). All Rights Reserved.),
34–41. https://doi.org/10.1016/j.sab.2019.01.009.
Li, L.; Wang, Z.; Yuan, T.; Hou, Z.; Li, Z.; Ni, Weidou. A Simplified Spectrum
Standardization Method for Laser-Induced Breakdown Spectroscopy Measurements. J.
Anal. At. Spectrom. 2011, 26 (Copyright (C) 2020 American Chemical Society (ACS). All
Rights Reserved.), 2274–2280. https://doi.org/10.1039/c1ja10194c.
Cremers, D. A.; Ebinger, M. H.; Breshears, D. D.; Unkefer, P. J.; Kammerdiener, S. A.;
Ferris, M. J.; Catlett, K. M.; Brown, J. R. Measuring Total Soil Carbon with LaserInduced Breakdown Spectroscopy (LIBS). J. Environ. Qual. 2001, 30 (6), 2202–2206.
https://doi.org/10.2134/jeq2001.2202.
Lazic, V.; Fantoni, R.; Colao, F.; Santagata, A.; Morone, A.; Spizzichino, Valeria.
Quantitative Laser Induced Breakdown Spectroscopy Analysis of Ancient Marbles and
Corrections for the Variability of Plasma Parameters and of Ablation Rate. J. Anal. At.
Spectrom. 2004, 19 (Copyright (C) 2020 American Chemical Society (ACS). All Rights
Reserved.), 429–436. https://doi.org/10.1039/b315606k.
Melessanaki, K.; Mateo, M.; Ferrence, S. C.; Betancourt, P. P.; Anglos, D. The
Application of LIBS for the Analysis of Archaeological Ceramic and Metal Artifacts.
COLA01 SI 2002, 197–198, 156–163. https://doi.org/10.1016/S0169-4332(02)00459-2.
Giakoumaki, A.; Melessanaki, K.; Anglos, D. Laser-Induced Breakdown Spectroscopy
(LIBS) in Archaeological Science—Applications and Prospects. Anal. Bioanal. Chem.
2007, 387 (3), 749–760. https://doi.org/10.1007/s00216-006-0908-1.
Klein, S.; Hildenhagen, J.; Dickmann, K.; Stratoudaki, T.; Zafiropulos, V. LIBSSpectroscopy for Monitoring and Control of the Laser Cleaning Process of Stone and
Medieval Glass. J. Cult. Herit. 2000, 1, S287–S292. https://doi.org/10.1016/S12962074(00)00173-4.
Loebe, K.; Uhl, A.; Lucht, H. Microanalysis of Tool Steel and Glass with Laser-Induced
Breakdown Spectroscopy. Appl. Opt. 2003, 42 (30), 6166–6173.
https://doi.org/10.1364/AO.42.006166.
Szelagowska, K.; Szymonski, M.; Krok, F.; Walczak, M.; Karaszkiewicz, P.; PrauznerBechcicki, J. S. Comparative Study of Historic Stained Glass by LIBS and SEM/EDX.
Lasers Conserv. Artworks - Proc. Int. Conf. LACONA 7 2008, 141–145.
https://doi.org/10.1201/9780203882085.ch22.
Tankova, V.; Nekhrizov, G.; Malcheva, G.; Steflekova, V.; Blagoev, Kiril. Application of
Laser Induced Breakdown Spectroscopy for Elemental Analysis of Archaeological
Artefacts. Comptes Rendus Acad. Bulg. Sci. 2019, 72 (Copyright (C) 2020 American
Chemical Society (ACS). All Rights Reserved.), 592–600.
https://doi.org/10.7546/crabs.2019.05.04.
Li, J.; Chu, Y.; Zhao, N.; Zhou, R.; Yi, R.; Guo, L.; Li, J.; Li, X.; Zeng, X.; Lu, Y.
Detection of Trace Elements in Active Luminescent Glass Using Laser-Induced
Breakdown Spectroscopy Combined with Laser-Induced Fluorescence. Fenxi Huaxue
2016, 44 (Copyright (C) 2020 American Chemical Society (ACS). All Rights Reserved.),
1042–1046. https://doi.org/10.11895/j.issn.0253-3820.160134.
Wang, Y.; Chen, A.; Jiang, Y.; Sui, L.; Wang, X.; Zhang, D.; Tian, D.; Li, S.; Jin,
Mingxing. Temperature Effect on Femtosecond Laser-Induced Breakdown Spectroscopy
of Glass Sample. Phys. Plasmas 2017, 24 (Copyright (C) 2020 American Chemical

19

(43)

(44)

(45)

(46)

(47)

(48)

(49)

(50)

(51)

(52)

(53)

Society (ACS). All Rights Reserved.), 013301/1-013301/8.
https://doi.org/10.1063/1.4973658.
Chappell, J.; Martinez, M.; Baudelet, Matthieu. Statistical Evaluation of Spectral
Interferences in Laser-Induced Breakdown Spectroscopy. Spectrochim. Acta Part B At.
Spectrosc. 2018, 149 (Copyright (C) 2020 American Chemical Society (ACS). All Rights
Reserved.), 167–175. https://doi.org/10.1016/j.sab.2018.07.028.
Sánchez-Aké, C.; García-Fernández, T.; Benítez, J. L.; de la Mora, M. B.; VillagránMuniz, M. Intensity Enhancement of LIBS of Glass by Using Au Thin Films and
Nanoparticles. Spectrochim. Acta Part B At. Spectrosc. 2018, 146, 77–83.
https://doi.org/10.1016/j.sab.2018.05.007.
Stefanuk, B.; Sanchez-Ake, C.; Benitez, J. L.; Depablos-Rivera, O.; Garcia-Fernandez, T.;
Negrete-Aragon, S.; Villagran-Muniz, M. Laser-Induced Breakdown Spectroscopy
Enhancement of Glass by Few-Layer Graphene Coating. Spectrochim. Acta Part B At.
Spectrosc. 2020, 167 (Copyright (C) 2020 American Chemical Society (ACS). All Rights
Reserved.), 105823. https://doi.org/10.1016/j.sab.2020.105823.
Hu, Z.; Zhang, D.; Wang, W.; Chen, F.; Xu, Y.; Nie, J.; Chu, Y.; Guo, L. A Review of
Calibration-Free Laser-Induced Breakdown Spectroscopy. TrAC Trends Anal. Chem.
2022, 152, 116618. https://doi.org/10.1016/j.trac.2022.116618.
Müller, K.; Stege, H. Evaluation of the Analytical Potential of Laser-Induced Breakdown
Spectrometry (LIBS) for the Analysis of Historical Glasses. Archaeometry 2003, 45, 421–
433. https://doi.org/10.1111/1475-4754.00119.
Salle, B.; Lacour, J.-L.; Mauchien, P.; Fichet, P.; Maurice, S.; Manhes, G. Comparative
Study of Different Methodologies for Quantitative Rock Analysis by Laser-Induced
Breakdown Spectroscopy in a Simulated Martian Atmosphere. Spectrochim. Acta Part B
At. Spectrosc. 2006, 61B (Copyright (C) 2020 American Chemical Society (ACS). All
Rights Reserved.), 301–313. https://doi.org/10.1016/j.sab.2006.02.003.
Barnett, C.; Cahoon, E.; Almirall, J. R. Wavelength Dependence on the Elemental
Analysis of Glass by Laser Induced Breakdown Spectroscopy. Spectrochim. Acta Part B
At. Spectrosc. 2008, 63B (Copyright (C) 2020 American Chemical Society (ACS). All
Rights Reserved.), 1016–1023. https://doi.org/10.1016/j.sab.2008.07.002.
Cahoon, E. M.; Almirall, J. R. Wavelength Dependence on the Forensic Analysis of Glass
by Nanosecond 266 Nm and 1064 Nm Laser Induced Breakdown Spectroscopy. Appl.
Opt. 2010, 49 (Copyright (C) 2020 American Chemical Society (ACS). All Rights
Reserved.), C49–C57. https://doi.org/10.1364/AO.49.000C49.
Negre, E.; Motto-Ros, V.; Pelascini, F.; Lauper, S.; Denis, D.; Yu, J. On the Performance
of Laser-Induced Breakdown Spectroscopy for Quantitative Analysis of Minor and Trace
Elements in Glass. J. Anal. At. Spectrom. 2015, 30 (2), 417–425.
https://doi.org/10.1039/C4JA00363B.
Motto-Ros, V.; Syvilay, D.; Bassel, L.; Negre, E.; Trichard, F.; Pelascini, F.; El Haddad,
J.; Harhira, A.; Moncayo, S.; Picard, J.; Devismes, D.; Bousquet, B. Critical Aspects of
Data Analysis for Quantification in Laser-Induced Breakdown Spectroscopy. Spectrochim.
Acta Part B At. Spectrosc. 2018, 140 (Copyright (C) 2020 American Chemical Society
(ACS). All Rights Reserved.), 54–64. https://doi.org/10.1016/j.sab.2017.12.004.
Devangad, P.; Unnikrishnan, V. K.; Tamboli, M. M.; Shameem, K. M. M.; Nayak, R.;
Choudhari, K. S.; Santhosh, C. Quantification of Mn in Glass Matrices Using Laser

20

(54)

(55)

(56)

(57)

(58)

(59)

(60)

(61)

(62)

(63)

(64)

(65)

Induced Breakdown Spectroscopy (LIBS) Combined with Chemometric Approaches.
Anal. Methods 2016, 8 (39), 7177–7184. https://doi.org/10.1039/C6AY01930G.
Devangad, P.; Unnikrishnan, V. K.; Nayak, R.; Tamboli, M. M.; Muhammed Shameem,
K. M.; Santhosh, C.; Kumar, G. A.; Sardar, D. K. Performance Evaluation of Laser
Induced Breakdown Spectroscopy (LIBS) for Quantitative Analysis of Rare Earth
Elements in Phosphate Glasses. Opt. Mater. 2016, 52, 32–37.
https://doi.org/10.1016/j.optmat.2015.12.001.
Cama-Moncunill, R.; Casado-Gavalda, M. P.; Cama-Moncunill, X.; MarkiewiczKeszycka, M.; Dixit, Y.; Cullen, P. J.; Sullivan, C. Quantification of Trace Metals in
Infant Formula Premixes Using Laser-Induced Breakdown Spectroscopy. Spectrochim.
Acta Part B At. Spectrosc. 2017, 135, 6–14. https://doi.org/10.1016/j.sab.2017.06.014.
Teklemariam, T. A.; Gotera, Jason. Application of Laser Induced Breakdown
Spectroscopy in Food Container Glass Discrimination. Spectrochim. Acta Part B At.
Spectrosc. 2019, 155 (Copyright (C) 2020 American Chemical Society (ACS). All Rights
Reserved.), 34–43. https://doi.org/10.1016/j.sab.2019.03.005.
Hondrogiannis, E.; Andersen, D.; Miziolek, A. W. The Evaluation of a New Technology
for Gunshot Residue (GSR) Analysis in the Field. Proc. SPIE 2013, 8726 (Copyright (C)
2020 American Chemical Society (ACS). All Rights Reserved.), 87260P/1-87260P/8.
https://doi.org/10.1117/12.2017900.
Doña-Fernández, A.; de Andres-Gimeno, I.; Santiago-Toribio, P.; Valtuille-Fernández, E.;
Aller-Sanchez, F.; Heras-González, A. Real-Time Detection of GSR Particles from Crime
Scene: A Comparative Study of SEM/EDX and Portable LIBS System. Forensic Sci. Int.
2018, 292, 167–175. https://doi.org/10.1016/j.forsciint.2018.09.021.
López-López, M.; Alvarez-Llamas, C.; Pisonero, J.; García-Ruiz, C.; Bordel, N. An
Exploratory Study of the Potential of LIBS for Visualizing Gunshot Residue Patterns.
Forensic Sci. Int. 2017, 273, 124–131. https://doi.org/10.1016/j.forsciint.2017.02.012.
Tarifa, A.; Almirall, J. R. Fast Detection and Characterization of Organic and Inorganic
Gunshot Residues on the Hands of Suspects by CMV-GC–MS and LIBS. Sci. Justice
2015, 55 (3), 168–175. https://doi.org/10.1016/j.scijus.2015.02.003.
Vander Pyl, C.; Morris, K.; Arroyo, L.; Trejos, T. Assessing the Utility of LIBS in the
Reconstruction of Firearm Related Incidents. Forensic Chem. 2020, 19, 100251.
https://doi.org/10.1016/j.forc.2020.100251.
Trejos, T.; Vander Pyl, C.; Menking-Hoggatt, K.; Alvarado, A. L.; Arroyo, L. E. Fast
Identification of Inorganic and Organic Gunshot Residues by LIBS and Electrochemical
Methods. Forensic Chem. 2018, 8, 146–156. https://doi.org/10.1016/j.forc.2018.02.006.
He, L.; Wang, Q.; Zhao, Y.; Liu, L.; Peng, Zhong. Study on Cluster Analysis Used with
Laser-Induced Breakdown Spectroscopy. Plasma Sci. Technol. Bristol U. K. 2016, 18
(Copyright (C) 2020 American Chemical Society (ACS). All Rights Reserved.), 647–653.
https://doi.org/10.1088/1009-0630/18/6/11.
Martinez-Lopez, C.; Sakayanagi, M.; Almirall, J. R. Elemental Analysis of Packaging
Tapes by LA-ICP-MS and LIBS. Forensic Chem. 2018, 8 (Copyright (C) 2020 American
Chemical Society (ACS). All Rights Reserved.), 40–48.
https://doi.org/10.1016/j.forc.2018.01.004.
Martinez-Lopez, C.; Trejos, T.; Coulson, S.; Goodpaster, J.; Igowsky, K.; Kuczelinis, F.;
Mehltretter, A.; Pollock, E.; Simmross, U.; Weimer, R.; Weis, P.; Almirall, J. R.
Interlaboratory Evaluations of the Performance of Elemental Analytical Methods for the

21

(66)

(67)

(68)

(69)

(70)

(71)

(72)

(73)

(74)

(75)

(76)

(77)

Forensic Analysis and Comparisons of Electrical Tapes. Forensic Chem. 2019, 12, 66–77.
https://doi.org/10.1016/j.forc.2019.01.001.
Woods, B.; Paul Kirkbride, K.; Lennard, C.; Robertson, James. Soil Examination for a
Forensic Trace Evidence Laboratory - Part 2: Elemental Analysis. Forensic Sci. Int. 2014,
245 (Copyright (C) 2020 American Chemical Society (ACS). All Rights Reserved.), 195–
201. https://doi.org/10.1016/j.forsciint.2014.10.018.
Jantzi, S. C.; Almirall, J. R. Characterization and Forensic Analysis of Soil Samples Using
Laser-Induced Breakdown Spectroscopy (LIBS). Anal. Bioanal. Chem. 2011, 400 (10),
3341–3351. https://doi.org/10.1007/s00216-011-4869-7.
Woods, B.; Lennard, C.; Kirkbride, K. P.; Robertson, J. Soil Examination for a Forensic
Trace Evidence Laboratory–Part 3: A Proposed Protocol for the Effective Triage and
Management of Soil Examinations. Forensic Sci. Int. 2016, 262, 46–55.
https://doi.org/10.1016/j.forsciint.2016.02.034.
Brunnbauer, L.; Mayr, M.; Larisegger, S.; Nelhiebel, M.; Pagnin, L.; Wiesinger, R.;
Schreiner, M.; Limbeck, A. Combined LA-ICP-MS/LIBS: Powerful Analytical Tools for
the Investigation of Polymer Alteration after Treatment under Corrosive Conditions. Sci.
Rep. 2020, 10 (1), 12513. https://doi.org/10.1038/s41598-020-69210-9.
McIntee, E.; Viglino, E.; Rinke, C.; Kumor, S.; Ni, L.; Sigman, M. E. Comparative
Analysis of Automotive Paints by Laser Induced Breakdown Spectroscopy and
Nonparametric Permutation Tests. Spectrochim. Acta Part B At. Spectrosc. 2010, 65 (7),
542–548. https://doi.org/10.1016/j.sab.2010.04.021.
Moros, J.; Fortes, F. J.; Vadillo, J. M.; Laserna, J. J. LIBS Detection of Explosives in
Traces. In Laser-Induced Breakdown Spectroscopy: Theory and Applications; Musazzi,
S., Perini, U., Eds.; Springer Berlin Heidelberg: Berlin, Heidelberg, 2014; pp 349–376.
https://doi.org/10.1007/978-3-642-45085-3_13.
Gottfried, J. L.; De Lucia, F. C.; Munson, C. A.; Miziolek, A. W. Laser-Induced
Breakdown Spectroscopy for Detection of Explosives Residues: A Review of Recent
Advances, Challenges, and Future Prospects. Anal. Bioanal. Chem. 2009, 395 (2), 283–
300. https://doi.org/10.1007/s00216-009-2802-0.
Klapec, D. J.; Czarnopys, G.; Pannuto, J. Interpol Review of Detection and
Characterization of Explosives and Explosives Residues 2016-2019. Forensic Sci. Int.
Synergy 2020, 2, 670–700. https://doi.org/10.1016/j.fsisyn.2020.01.020.
Almirall, J. R.; Umpierrez, S.; Castro, W.; Gornushkin, I.; Winefordner, James. Forensic
Elemental Analysis of Materials by Laser Induced Breakdown Spectroscopy (LIBS). Proc.
SPIE- Int. Soc. Opt. Eng. 2005, 5778 (Copyright (C) 2020 American Chemical Society
(ACS). All Rights Reserved.), 657–666. https://doi.org/10.1117/12.605754.
Bridge, C.; Powell, J.; Steele, K.; Williams, M.; Macinnis, J.; Sigman, M. Characterization
of Automobile Float Glass with Laser-Induced Breakdown Spectroscopy and Laser
Ablation Inductively Coupled Plasma Mass Spectrometry. Appl. Spectrosc. 2006, 60,
1181–1187. https://doi.org/10.1366/000370206778664572.
Bridge, C. M.; Powell, J.; Steele, K. L.; Sigman, M. E. Forensic Comparative Glass
Analysis by Laser-Induced Breakdown Spectroscopy. Spectrochim. Acta Part B At.
Spectrosc. 2007, 62B (Copyright (C) 2020 American Chemical Society (ACS). All Rights
Reserved.), 1419–1425. https://doi.org/10.1016/j.sab.2007.10.015.
Rodriguez-Celis, E. M.; Gornushkin, I. B.; Heitmann, U. M.; Almirall, J. R.; Smith, B.
W.; Winefordner, J. D.; Omenetto, N. Laser Induced Breakdown Spectroscopy as a Tool

22

(78)

(79)

(80)

(81)

(82)

(83)

(84)
(85)
(86)
(87)
(88)

(89)

(90)

(91)

for Discrimination of Glass for Forensic Applications. Anal. Bioanal. Chem. 2008, 391
(Copyright (C) 2020 American Chemical Society (ACS). All Rights Reserved.), 1961–
1968. https://doi.org/10.1007/s00216-008-2104-y.
Gornushkin, I. B.; Panne, U.; Winefordner, J. D. Linear Correlation for Identification of
Materials by Laser Induced Breakdown Spectroscopy: Improvement via Spectral Filtering
and Masking. Spectrochim. Acta Part B At. Spectrosc. 2009, 64B (Copyright (C) 2020
American Chemical Society (ACS). All Rights Reserved.), 1040–1047.
https://doi.org/10.1016/j.sab.2009.07.038.
El-Deftar, M. M.; Speers, N.; Eggins, S.; Foster, S.; Robertson, J.; Lennard, Chris.
Assessment and Forensic Application of Laser-Induced Breakdown Spectroscopy (LIBS)
for the Discrimination of Australian Window Glass. Forensic Sci. Int. 2014, 241
(Copyright (C) 2020 American Chemical Society (ACS). All Rights Reserved.), 46–54.
https://doi.org/10.1016/j.forsciint.2014.04.040.
Gupta, A.; Curran, J. M.; Coulson, S.; Triggs, C. M. Comparison of Intra-Day and InterDay Variation in LIBS Spectra. Forensic Chem. 2017, 3, 36–40.
https://doi.org/10.1016/j.forc.2016.12.002.
Prusinowski, M.; Mehltretter, A.; Martinez-Lopez, C.; Almirall, J.; Trejos, T. Assessment
of the Utility of X-Ray Fluorescence for the Chemical Characterization and Comparison
of Black Electrical Tape Backings. Forensic Chem. 2019, 13, 100146.
https://doi.org/10.1016/j.forc.2019.100146.
Haag, L. C. Element Profiles of Automotive Paint Chips by X-Ray Fluorescence
Spectrometry. J. Forensic Sci. Soc. 1976, 16 (3), 255–263. https://doi.org/10.1016/S00157368(76)71069-7.
Buscaglia, J. Ann. Elemental Analysis of Small Glass Fragments in Forensic Science.
Anal. Chim. Acta 1994, 288 (Copyright (C) 2020 American Chemical Society (ACS). All
Rights Reserved.), 17–24. https://doi.org/10.1016/0003-2670(94)85112-3.
Standard Test Method for Forensic Comparison of Glass Using Micro X-Ray
Fluorescence (µ-XRF) Spectrometry; 17.
Haschke, M. Laboratory Micro-X-Ray Fluorescence Spectroscopy; 2014; Vol. 55.
https://doi.org/10.1007/978-3-319-04864-2.
X-Ray Flourescence (XRF). XOS.
Nummi, E. Going to the Source: X-Ray Tubes. ThermoFisher Scientific. June 23, 2015.
Ryland, S. Sheet or Container?—Forensic Glass Comparisons with an Emphasis on
Source Classification. J. Forensic Sci. 1986, 31 (4), 1314–1329.
https://doi.org/10.1520/JFS11909J.
Howden, C. R.; Dudley, R. J.; Smalldon, K. W. The Analysis of Small Glass Fragments
Using Energy Dispersive X-Ray Fluorescence Spectrometry. J. Forensic Sci. Soc. 1978,
18 (1), 99–112. https://doi.org/10.1016/S0015-7368(78)71190-4.
Pozsgai, I.; Barna, A.; Toth, P. Size Effects in Glass Fragment Identification by Micro-xRay Fluorescence Analysis. Scanning 1990, 12 (1), 53–56.
https://doi.org/10.1002/sca.4950120110.
Koons, R. D.; Peters, C. A.; Rebbert, P. S. Comparison of Refractive Index, Energy
Dispersive X-Ray Fluorescence and Inductively Coupled Plasma Atomic Emission
Spectrometry for Forensic Characterization of Sheet Glass Fragments. J. Anal. At.
Spectrom. 1991, 6 (6), 451–456. https://doi.org/10.1039/JA9910600451.

23

(92) Roedel, T. C.; Bronk, H.; Haschke, M. Investigation of the Influence of Particle Size on
the Quantitative Analysis of Glasses by Energy-Dispersive Micro x-Ray Fluorescence
Spectrometry. X-Ray Spectrom. 2002, 31 (1), 16–26. https://doi.org/10.1002/xrs.526.
(93) Vittiglio, G.; Bichlmeier, S.; Klinger, P.; Heckel, J.; Fuzhong, W.; Vincze, L.; Janssens,
K.; Engström, P.; Rindby, A.; Dietrich, K.; Jembrih-Simbürger, D.; Schreiner, M.; Denis,
D.; Lakdar, A.; Lamotte, A. A Compact μ-XRF Spectrometer for (in Situ) Analyses of
Cultural Heritage and Forensic Materials. 5th Top. Meet. Ind. Radiat. Radioisot. Meas.
Appl. 2004, 213, 693–698. https://doi.org/10.1016/S0168-583X(03)01687-2.
(94) Ryland, S. Discrimination of Flat (Sheet) Glass Specimens Having Similar Refractive
Indices Using Micro X-Ray Fluorescence Spectrometry. JASTEE 2011, 2 (1), 1–11.
(95) Ernst, T.; Berman, T.; Buscaglia, J.; Eckert-Lumsdon, T.; Hanlon, C.; Olsson, K.; Palenik,
C.; Ryland, S.; Trejos, T.; Valadez, M.; Almirall, J. R. Signal-to-Noise Ratios in Forensic
Glass Analysis by Micro X-Ray Fluorescence Spectrometry. X-Ray Spectrom. 2014, 43
(Copyright (C) 2020 American Chemical Society (ACS). All Rights Reserved.), 13–21.
https://doi.org/10.1002/xrs.2437.
(96) Trejos, T.; Koons, R.; Becker, S.; Berman, T.; Buscaglia, J.; Duecking, M.; EckertLumsdon, T.; Ernst, T.; Hanlon, C.; Heydon, A.; Mooney, K.; Nelson, R.; Olsson, K.;
Palenik, C.; Pollock, E. C.; Rudell, D.; Ryland, S.; Tarifa, A.; Valadez, M.; Weis, P.;
Almirall, Jose. Cross-Validation and Evaluation of the Performance of Methods for the
Elemental Analysis of Forensic Glass by μ-XRF, ICP-MS, and LA-ICP-MS. Anal.
Bioanal. Chem. 2013, 405 (Copyright (C) 2020 American Chemical Society (ACS). All
Rights Reserved.), 5393–5409. https://doi.org/10.1007/s00216-013-6978-y.
(97) Cheng, S.-Y.; Chen, Y.-F.; Huang, C.-C. J. Forensic Applications of Portable X-Ray
Fluorescence Spectrometer: Glass Samples. J. Chin. Chem. Soc. 2015, 62 (2), 125–132.
https://doi.org/10.1002/jccs.201400229.
(98) Funatsuki, A.; Takaoka, M.; Shiota, K.; Kokubu, D.; Suzuki, Yasuhiro. Forensic
Identification of Automobile Window Glass Manufactures in Japan Based on the
Refractive Index, X-Ray Fluorescence, and X-Ray Absorption Fine Structure. Anal. Sci.
2016, 32 (Copyright (C) 2020 American Chemical Society (ACS). All Rights Reserved.),
207–213. https://doi.org/10.2116/analsci.32.207.
(99) Scruggs, Bruce. Discriminating Window and Bottle Glass Fragments Based on Trace
Elements. Adv. X-Ray Anal. 2016, 60 (Copyright (C) 2020 American Chemical Society
(ACS). All Rights Reserved.), 144–151.
(100) Corzo, R.; Steel, E. Improving Signal‐to‐noise Ratio for the Forensic Analysis of Glass
Using Micro X‐ray Fluorescence Spectrometry. X-Ray Spectrom. 2020, 49.
https://doi.org/10.1002/xrs.3179.
(101) Trace Materials Subcommittee. Assessment of the sources of variability for the analysis of
small glass fragments. OSAC Research and Development Needs.
https://www.nist.gov/system/files/documents/2021/06/23/Trace%20Materials%20SC_R%
26D%20Need_Assessment_of_Sources_of_Variability_for_the_Analysis_of_Small_Glass
_Fragments.pdf (accessed 2022-05-23).
(102) Trace Materials Subcommittee. Cross-validation of current and new micro-XRF
technology for the forensic analysis of modern glass. OSAC Research and Development
Needs.
https://www.nist.gov/system/files/documents/2021/06/23/Trace%20Materials%20SC_R%
26D%20Need_Cross-

24

(103)

(104)

(105)

(106)

(107)

(108)

(109)

validation_of_Current_and_new_uXRF_Technology_for_the_Forensic_Analysis_of_Mod
ern_Glass.pdf (accessed 2022-05-23).
Trace Materials Subcommittee. Development of an Integrated and Multidisciplinary
Approach for the Advancement of Data Collection, Data Management and Data Analysis
to Aid Interpretation of Trace Evidence. OSAC Research and Development Needs. OSAC
Research and Development Needs (accessed 2022-05-23).
Forensic Science Technology Working Group. Forensic Science Technology Working
Group Operational Requirements. U.S Department of Justice, National Institute of Justice.
https://nij.ojp.gov/sites/g/files/xyckuh171/files/media/document/2021-4-forensic-twgtable.pdf (accessed 2022-05-23).
Andrasko, J.; Maehly, A. The Discrimination Between Samples of Window Glass by
Combining Physical and Chemical Techniques. J. Forensic Sci. 1978, 23 (2), 250–262.
https://doi.org/10.1520/JFS10756J.
Dorn, H.; Ruddell, D.; Heydon, A.; Burton, B. Discrimination of Float Glass by LA-ICPMS: Assessment of Exclusion Criteria Using Casework Samples. Can. Soc. Forensic Sci.
J. 2015, 48, 85–96. https://doi.org/10.1080/00085030.2015.1019224.
Trejos, T.; Almirall, J. R. Sampling Strategies for the Analysis of Glass Fragments by LAICP-MS: Part I. Micro-Homogeneity Study of Glass and Its Application to the
Interpretation of Forensic Evidence. Forensic Chem. Anal. 2005, 67 (2), 388–395.
https://doi.org/10.1016/j.talanta.2005.01.042.
Becker, P.; Neff, C.; Hess, S.; Weis, P.; Günther, D. Forensic Float Glass Fragment
Analysis Using Single-Pulse Laser Ablation Inductively Coupled Plasma Time of Flight
Mass Spectrometry. J. Anal. At. Spectrom. 2020, 35 (10), 2248–2254.
https://doi.org/10.1039/D0JA00284D.
Hahn, S. H.; van Duin, A. C. T. Surface Reactivity and Leaching of a Sodium Silicate
Glass under an Aqueous Environment: A ReaxFF Molecular Dynamics Study. J. Phys.
Chem. C 2019, 123 (25), 15606–15617. https://doi.org/10.1021/acs.jpcc.9b02940.

25

2. Problem Statement, Goals, Objectives, and Thesis Structure
2.1. Problem Statement
The forensic examination of glass enjoys substantial scientific foundations, consensus-based
standards, and best practices.1–3 Extensive literature has reported research relating to the analysis
and interpretation of glass using elemental composition and refractive index. While ASTM
standards are highly beneficial to the forensic community, consistent revisions must occur to
account for technological and glass manufacturing advances.
The most current research needs within trace evidence involve understanding the effect of
small glass fragments on current glass analysis techniques,4,5 assessing modern glass analysis
using instrumentation that incorporates new advancements,6 developing quantitative methods to
advance and supplement current data analysis,5,7 and updating the knowledge base of
manufactured materials.5
Amid the various methods used for elemental profiling of glass (i.e., LA-ICP-MS, µ-XRF,
LIBS, ICP-OES, SEM-EDS), µ-XRF has the advantage of providing good performance while
being cost-effective and is more widely adopted by forensic laboratories.1 More recently,
forensic examiners have recognized that the latest advances in µ-XRF systems (e.g., Silicon Drift
Detectors, SDD) can further enhance measurement sensitivity and precision. Still, research is
needed regarding revised criteria to interpret the data. In addition, LIBS has demonstrated
potential advantages for glass comparisons, including speed of analysis, affordability, and high
discrimination power. Nonetheless, more research is needed to improve data analysis and
interpretation approaches that can lead to standardized protocols.
This thesis aims to provide practical solutions to these gaps by evaluating methods to
understand and minimize variation in LIBS and μ-XRF analysis of modern glass in a forensic
setting. To achieve that, three objectives and their respective tasks are described below.

2.2. Goals and Objectives
The overall goal of this thesis is to evaluate and minimize the variation in LIBS and μ-XRF
of modern glass data for forensic comparisons. Three main objectives were developed to address
this primary goal:
1) Optimize µ-XRF and LIBS methods and assess the instrumental variability within modern
sources of small glass fragments.
2) Evaluate the elemental composition of glass from electronic devices and their accessories
using µ-XRF and LIBS.
3) Compare and contrast multivariate methods of calibration in LIBS analysis.
This thesis analyzed nearly 700 glass fragments using LIBS and µ-XRF, including 150
automotive and 48 electronic device glasses. The project consisted of seven tasks listed in
section 2.3, with three tasks related to objective 1, and two tasks pertaining to both objectives 2
and 3 (Figure 1).
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Figure 1. Schematic detailing the goals, objectives, and tasks of this thesis.
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2.3. Explanation of Tasks
Objective 1. To optimize methods and assess the instrumental variability within modern sources
of small/irregular glass fragments using µ-XRF and LIBS. Objective 1 directly relates to a
current OSAC need4 and determines the application of current standard methods for the analysis
of glass using µ-XRF and LIBS to small/irregular (< 1 mm) soda-lime glass. Glass fragments
recovered in casework are often small and do not contain an original surface. In objective one,
the variability within small/irregular glass fragments will be compared to full-thickness
fragments. Also, error rates, precision, and accuracy will be assessed for “known truth” datasets,
using both µ-XRF and LIBS. The datasets include samples collected from a single source (e.g.,
windshield pane) and glass fragments originating from different sources (e.g., different vehicle
windshields).
Task 1.1. Since the analysis of glass using LIBS is a destructive technique, the first task
aims to determine the appropriate parameters, sampling area, and sampling settings to
obtain reproducible data while maintaining the sample’s integrity. This study contains
three data sets consisting of 100, 100, and 70 small/irregular glass fragments,
respectively, originating from the same source. The first two datasets involved glass
fragments ranging in size from 0.1 mm to 1 mm and aimed to determine the smallest size
glass fragment that could be analyzed without cracking or causing deteriorating precision.
These data sets maintain a certain laser spot size appropriate for small fragments (100 µm
for dataset 1 and 50 µm for dataset 2) while varying the number of shots per
measurement (100, 50, 10). The final data set applies the optimized parameters to test the
method’s reproducibility with a constant number of shots (50 shots) and spot size (50
µm).
Task 1.2. The second task investigates the homogeneity within same-source
small/irregular glass analysis using μ-XRF and LIBS. A key assumption made during the
forensic analysis of glass is that the variability between different glass sources is much
larger than the variability within glass from the same source. While this assumption has
been proven for many analytical techniques using full-thickness glass fragments, very
little research exists regarding small/irregular glass fragments. Task 1.2 assesses one
aspect of this assumption using small/irregular glass fragments from the inner and outer
pane of a Toyota Highlander windshield. One hundred of the glass fragments are fullthickness and served as a control set for comparing and analyzing small/irregular glass.
Both µ-XRF and LIBS were used to evaluate the differences between small/irregular
glass fragments compared to full-thickness specimens.
Task 1.3. The final task within objective one also addresses a fundamental assumption
described in Task 1.2 by investigating the discrimination capabilities between differentsource small/irregular glass analysis using μ-XRF and LIBS. Understanding the
discrimination power between different instruments and different size fragments is very
important when interpreting glass in a forensic context. Task 1.3 consists of 50
small/irregular glass fragments and 50 full-thickness glass fragments originating from 50
different windshields. The fragments were analyzed using two methods (µ-XRF and
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LIBS) and addresses the false inclusion rates and discrimination potential of
small/irregular soda-lime glass.
Objective 2. To evaluate the elemental composition of glass from electronic devices and their
accessories using µ-XRF and LIBS. Objective two aims to address a need established by the
NIST-OSAC and NIJ relating to understanding and assessing the modern formulation of glass
for their use in forensic science.5,6 Over the past ten years, the use of portable electronic devices
(PED) has grown significantly, introducing a new potential source of glass found at crime
scenes. PED glass is reported to be made of aluminosilicate glass,8 which is different from the
typically encountered soda-lime glass, thus requiring modifications of the ASTM method and
assessment of its performance.2 This objective examines glass from portable electronic devices
(PEDs), tempered glass screen protectors (SPs), and liquid glass (LG) for their elemental
composition and application to forensic science.
Task 2.1. This task determines the elemental profile of 30 original equipment
manufacturer (OEM) glass screens from portable electronic devices. Understanding the
elemental profile of PED glass aids in the classification of PED glass vs. soda-lime glass
and potential classifications of groups of PED screens. The elemental profiles are
examined to identify any patterns that indicate groupings within the different PED
screens. Additionally, current soda-lime methods were modified for aluminosilicate glass
and used to assess the discrimination potential of different PED screens. The analysis of
multiple fragments from a single screen was used to determine the false exclusion rates
within a single PED glass screen.
Task 2.2. Many individuals who own a PED choose to protect their device with a screen
protector, which can come in a wide variety of materials. When a glass screen protector is
applied to a PED, in the event of an impact, the protector glass will break first instead of
the phone screen. Additionally, liquid glass is applied directly to the screen and is
marketed to form a protective silicon-based layer over the PED screen. This task uses µXRF to examine the elemental profiles of 15 tempered glass screen protectors and three
liquid glass screen protectors. The elemental profiles of the tempered glass screen
protectors are investigated and compared to PEDs to determine the differences and
similarities between the two materials. Additionally, the discrimination potential between
the 15 SP screens and the false exclusion rates within SP fragments collected from the
same screen are assessed. Liquid glass applied to PED glass is compared to plain PED
screens to determine the influence of the liquid glass on the PED’s elemental profile.
Objective 3. Current LIBS applications to forensic glass analysis use semi-quantitative
techniques such as signal-to-noise ratios and elemental peak ratios. While these methods have
produced acceptable results,9 the development of quantitative data techniques is a current
research area of interest.5,7 This study explores multiple linear regression (MLR), principal
component regression (PCR), and partial least squares regression (PLSR) as tools to produce
quantitative LIBS data. Eight glass standards are analyzed using LIBS, and the three multivariate
methods are compared. The use of simple linear regression (SLR) is employed to evaluate if the
multivariate techniques produce improved quantitative data over univariate methods.
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Task 3.1. The selection of glass standards for this study are based on their common use
within current forensic laboratories. Additionally, the standards selected must be fully
characterized. The eight glass standards used in this study included NIST SRM 1831,
NIST SRM 610, NIST SRM 612, CGFS1, CFGS2, CFGS3, FGS1, and FGS2. When
analyzing the glass standards, a total of 24 measurements are taken. Every four replicates
are averaged (6 total averaged data points per standard) together to minimize shot-to-shot
variation. Data pre-processing involved three scenarios:
1) Emission Lines: Selecting emission lines of interest for glass that have a signal-tonoise ratio above 3 (LOD) and above 10 (LOQ).
2) Spectrum Select Regions: Selecting sections of the LIBS spectrum that contain the
emission lines of interest in glass analysis.
3) Full Spectrum: Obtaining the full LIBS spectrum after background subtraction.
Task 3.2. The ability of each model to quantify eight common elements is tested in this
task. Each multivariate model is built in JMP using the emission lines, the selected
regions of the spectrum, and the entire spectrum. Within each model, the three data
techniques were evaluated to determine which produced the best R2, residual plots, and
the lowest bias values when removing each standard from the model one by one (leave
one out approach to evaluate bias). The best model of each of the four is compared to
determine the multivariate methods that produced the most accurate calibration curve.

2.4. Deliverables
To disseminate the research conducted in this thesis, we have shared the results at two
scientific meetings in the form of posters.
1) February 2022, Oriana Ovide, Ruthmara Corzo, Tatiana Trejos. The Assessment of
Modern Glass From Portable Electronic Devices (PED) and Their Accessories by Micro
X-Ray Fluorescence (µ-XRF). 2022 Annual AAFS conference, Poster presentation
2) July 2021, Oriana Ovide, Ruthmara Corzo, Tatiana Trejos, Assessing the Varability
Within Small Vehicular Glass Fragments Using µ-XRF, 2021 Online Symposium:
Current Trends in Forensic Trace Analysis, Poster and oral-poster presentation session.
In addition to presentations, two publications as the first author about the forensic
assessment of small/irregular glass fragments and the analysis of PED glass for its use in forensic
glass analysis using µ-XRF are in preparation.
1) Ovide, O.; Corzo, R.; Trejos, T. The Analysis of Glass from Portable Electronic
Devices and their Glass Accessories using µ-XRF and LIBS for their use in Forensic
Investigations.
2) Ovide, O.; Corzo, R.; Trejos, T. Assessment of Performance Rates on the Elemental
Comparison of Small and Irregular Glass Fragments Using µ-XRF and LIBS.
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Finally, a manuscript as major co-author was recently published in the Forensic Chemistry
Journal, and I participated as co-author on another publication that resulted from an
interlaboratory study:
1) C Martinez-Lopez, O Ovide, R Corzo, Z Andrews, J Almirall, T Trejos. Homogeneity
assessment of the elemental composition of windshield glass by micro-XRF, LIBS, and
LA-ICP-MS analysis. Forensic Chemistry, 27, 2022, 100384,
https://doi.org/10.1016/j.forc.2021.100384
2) K Lambert, S Montero, A Akmeemana, R Corzo, G Gordon, E Haase, P Jiang, O Ovide,
K Prasch, K Redman, T Scholz, T Trejos, J Webb, P Weis, W Wiarda, S Wilczek, H Xie, P
Zoon, J Almirall. An interlaboratory study to evaluate the forensic analysis and
interpretation of glass evidence. Forensic Chemistry, 2022, 27, 100378,
https://doi.org/10.1016/j/forc/2021.100378

2.5. Thesis Chapter Structure
This thesis is organized into five main chapters that outline the main objectives, tasks,
and findings. This first chapter describes the problem statements, overall goals, and objectives of
the study. Chapter 2 introduces the forensic glass research that served as a foundation for this
study. The introduction provides key elements that are the basis for this research, including a
brief history of glass, modern manufacturing of glass products, the forensic significance of glass
as evidence, and current challenges with glass evidence examinations. Detailed descriptions of
the methodology behind LIBS and µ-XRF and a relevant literature review for the analysis of
glass using both instruments are also explained in the introduction and serve as the basic
framework for the remaining chapters.
Chapter 3 addresses the analysis of small/irregular glass fragments using µ-XRF and
LIBS to address a current NIST-OSAC research need. The findings in chapter 3 explore the
assumption that the variability within a single source of glass is much smaller than the variability
between different sources when applied to small/irregular glass fragments. The same glass
datasets analyzed in this chapter were reported using full-thickness glass fragments and serve as
a comparison between various specimen sizes.9 Chapter 3 reports a deterioration in the precision
of small/irregular glass compared to full-thickness glass originating from the same sources.
Additionally, this chapter reports the false exclusion rates from the same-source dataset and the
discrimination power within the different-source dataset for both full-thickness and
small/irregular glass fragments. Understanding the variability introduced by different sizes and
types of glass aids in the interpretation and understanding of the significance of the evidence.
Specified sampling, analysis, and interpretation recommendations are derived from these
findings.
Chapter 4 explores the elemental composition of glass from PEDs, SPs, and LG screen
protectors using µ-XRF and LIBS. Five distinct groups were identified within the 30 PED
screens, and four were identified within the 15 SP screens. Within this chapter, the reader finds
examples of the elemental profiles within each group, providing new knowledge on the
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compositions expected in aluminosilicate glasses and an understanding of their relative
information potential in forensic comparisons. Discussions regarding the selection of elemental
ratios, false exclusion rates, and the discrimination power within each PED and SP glass group
are discussed in this chapter for both µ-XRF and LIBS. The use of spectral contrast angle ratios
and selective thresholds provide additional support to the examiner to form their opinion, using
more objective and systematic comparison criteria. Finally, this chapter determines that the
application of liquid glass to the surface of a PED will not produce detectable differences for µXRF analysis. While the past two chapters use semi-quantitative analysis methods for both µXRF and LIBS, the next chapter explores the use of multivariate methods to obtain quantitative
data using LIBS.
Chapter 5 compares three multivariate regression techniques to assess their ability to
produce accurate quantitative results for LIBS analysis of glass. Three data pre-processing
techniques (emission lines, selected spectrum regions, and the entire spectrum) were evaluated to
determine the best approach for quantifying eight elements of interest. While results varied for
each element quantified, the multivariate methods generally produced better models than the
simple linear regression technique. The models, produced using eight glass standards, provide a
proof-of-concept study for the quantitative analysis of some elements within glass using LIBS.
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3. Assessment of Performance Rates on the Elemental Comparison of
Small and Irregular Glass Fragments Using µ-XRF and LIBS
3.1. Overview
This study assesses the performance rates when analyzing small and irregular glass
fragments using two analytical methods: 1) a modern µ-XRF equipped with a silicon drift detector
(SDD) and 2) a LIBS instrument. One hundred glass fragments were collected from both the inner
and outer panes of a single vehicle windshield to assess the false exclusion rates. Additionally, 100
glass fragments originating from different vehicle windshields were used to evaluate the
discrimination capabilities of each method. To compare the effects of fragment size on the
performance rates, half of the collected fragments were sized 0.4 mm to < 1 mm, and the other
half were full-thickness fragments about 2 mm thick. The findings from this study show that the
precision deteriorates for small/irregular glass, regardless of the technique. Using at least four
known fragments combined with a 3s (3% RSD) comparison criterion reduced the false exclusion
rates to < 12% when analyzing the full-thickness set using µ-XRF. The same full-thickness
samples analyzed by LIBS produced false exclusion rates < 4% when using four known fragments
with either a 3s (3% RSD) or a 4s (3% RSD) comparison criterion. For the small/irregular glass
set, 6 to 9 known fragments were required to reduce false exclusion rates. Additional findings
show that fragments must have a similar size, shape, and thickness during comparisons to
minimize error rates. Thus, comparisons between full-thickness and small/irregular fragments
should be avoided. These findings indicate a need to evaluate the current analytical comparison
methods and adjust the methodology to account for increased measurement variability when
analyzing small/irregular glass. This study provides the basis for addressing the analysis of
small/irregular glass fragments in a forensic setting using -XRF and LIBS.

3.2. Introduction
Containers, tableware, buildings, vehicles, and fiber optics are just a few typical products
containing glass.1–3 Glass is a popular medium for many applications because manufacturers can
alter the size, thickness, chemical, and physical properties to fit many end-uses and market
demands. Most of the glass within the general population remains intact but can gain evidentiary
value when broken and transferred during a criminal act.
Soda-lime glass, used in vehicles, architectural windows, and containers, is often submitted
to forensic laboratories for examinations in cases involving homicides, hit-and-runs, and
burglaries. Due to the commonality of soda-lime glass, a vast amount of research has focused on
assessing the evidentiary value of this type of material.4–8
While breaking, glass randomly shatters into small fragments of different lengths, widths,
and thicknesses.9 However, smaller fragments generally tend to transfer and persist longer.10–13
As a result, most casework glass fragments are less than one millimeter in size and irregularly
shaped.14
Forensic examiners analyze the glass’ physical, optical, and elemental properties, or a
combination, to determine if an unknown source of glass could have originated from the known
source.2,15 From these methods, the elemental composition of glass provides the best
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discrimination between glass fragments originating from different sources (e.g., LA-ICP-MS,16
μ-XRF,17 LIBS). Interestingly, most of the scientific foundations for the forensic comparisons of
glass by μ-XRF and LIBS are based on collection sets of fragments larger than the typical size
received at laboratories. This study aims to address this knowledge gap.
Forensic glass practitioners widely use micro X-ray fluorescence spectrometry (μ-XRF)
because it is a non-destructive technique requiring little sample preparation. More modern μXRF instruments, equipped with silicon drift detectors (SDD) and high intensity polycapillary
optics, obtain better sensitivity and shorter analysis times (2 to 4 minutes per replicate) compared
to instruments with silicon lithium detectors (SiLi) (20 to 30 minutes per replicate).18,19
Laser induced breakdown spectroscopy (LIBS) is an emerging technique within forensic
glass analysis that offers minimal sample preparation and rapid analysis times (seconds). In
addition, LIBS's sensitivity and discrimination capabilities are comparable to μ-XRF.20 Still,
LIBS has not yet gained consensus-based standards for the analysis and interpretation of glass
evidence in a forensic setting. This is due to more considerable inter-and intra-day variability
within LIBS and the lack of developments in its application to forensics.21
After data acquisition, the examiner compares and interprets the results to determine if the
questioned glass fragment originated from the known glass source or another source of glass.
Methods for comparison typically involve spectral overlay or a comparison interval.17 Spectral
overlay comparisons are easy to implement and can quickly screen for noticeable differences
between the known and questioned spectra. However, spectral overlay comparisons become
subjective and difficult when there are only minor variations between the spectra. ASTM E292617 recommends comparing -XRF peak intensity ratios using either range overlap or comparing
the mean of the questioned glass replicates to an interval created from the mean and standard
deviation of known glass replicates.17 These interpretation criteria are selected to minimize error
rates based on the experimental variability of the instrument and the glass materials themselves.
For LIBS data, no standard test or interpretation methods are available yet.
Some of the most important basis for the utility of elemental profiles in glass comparisons is
that the elemental variation within a single source (e.g., glass pane) is smaller than the variation
observed in glasses originating from different sources (e.g., glass manufactured at different
plants or time interval). Homogeneity and discrimination studies have extensively studied those
variabilities within and between known sources of glass, and these studies assess how these
performance rates vary by analytical techniques.
Dorn et al. used LA-ICP-MS to determine the type I and type II error rates when analyzing a
single source of float glass and 82 different float glass samples.4 The authors found that the
%RSD values for each element examined were below 6%, indicating relative homogeneity
within a single source of glass.4 Additionally, using an exclusion criterion with a minimum
%RSD produced the lowest type I and type II errors, and Zr, Ce, and Pb were the most valuable
elements for discrimination purposes.4
The research assessing the discrimination of soda-lime glass originating from different
sources using LA-ICP-MS, µ-XRF, and LIBS generally reports superior discrimination
compared to the refractive index alone.22,23 An interlaboratory study conducted by Trejos et al.
reported homogeneity within glass standards analyzed by different laboratories using ICP-MS,
LA-ICP-MS, and µ-XRF.24 However, the authors noted potential sample heterogeneity between
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the glass surface and the bulk of NIST SRM 1831 depending on the comparison criteria
selected.24 Following the previous study, Trejos et al. reported the results of another
interlaboratory test to evaluate the discrimination power of µ-XRF, LA-ICP-MS, and LA-ICPOES for the forensic analysis of glass.25 The authors reported homogeneity within a single glass
source and the ability to discriminate samples of glass manufactured more than two weeks
apart.25 The analysis of glass using LA-ICP-MS resulted in superior precision (< 2%) and
discrimination capabilities (> 99%) compared to the µ-XRF based methods.25 LA-ICP-MS has
been researched extensively within glass analysis. Many studies have set solid foundations for its
capability to differentiate the elemental composition of different sources of glass and correctly
associate same-source samples.4,6,7,26,26,27 Previous research within our group reported the
homogeneity across two panes of soda-lime windshield glass using LA-ICP-MS, LIBS, and µXRF. Minimal variability across the pane of glass was observed for each elemental technique.19
Precision better than 6%, 17%, and 10% were reported for LA-ICP-MS, LIBS, and µ-XRF,
respectively.19
Roedel et al. investigated the µ-XRF analysis of irregular glass fragments measuring > 1 mm,
≤ 315 µm, ≤ 100 µm, and ≤ 50 µm.28 This group reported reproducible measurements when
analyzing glass fragments > 1 mm, but the smaller fragments suffered from a deterioration in
precision. However, in 2003, Hicks et al. reported that μ-XRF could produce consistent results
when analyzing glass fragments greater than 0.3 mm.22 Using µ-XRF, this group successfully
discriminated 112 out of 129 pairs of window panes with similar refractive indices.22 Suzuki et
al. applied LA-ICP-MS to fragments < 2 mm with irregular surfaces. They reported no
significant differences between small and irregular fragments and flat fragments originating from
the same source. The researchers concluded that LA-ICP-MS is suitable for analyzing small
glass fragments.29 A recent study by Becker et al. found that using single-pulse LA-ICP-TOF
(time of flight mass spectrometry) allowed for the analysis of glass fragments as small as 0.1
mm.5 A slightly broader comparison criterion (5% RSD vs. 4% RSD) allowed for the lowest
error rates and somewhat higher %RSD values were observed in small/irregular fragment
analysis compared to the full-thickness control.5
Most of this research has focused on full-thickness glass fragments and ICP-based methods.
Consequently, this study addresses typical casework-like samples of small/irregular fragments by
μ-XRF and LIBS to add to the current body of knowledge. Here, the homogeneity of modern
vehicle glass sources and error rates are evaluated for datasets of know origin. The results from
full-thickness fragments are compared to fragments ranging from 0.4 mm to < 1 mm.

3.3. Methods
3.3.1 Small fragment sample collection and preparation using standard reference material
(SRM) NIST 612
The first experiment performed tested the parameters for the analysis of small glass
fragments using LIBS. This study provided a basis for the small fragment analysis conducted on
the same-source and different-source sample sets. In this experiment, a single fragment of NIST
612 was crushed, and pieces ranging in size from 0.4 mm to < 1 mm were selected. The range of
sizes was collected based on previous experiments that determined that our LIBS configuration
was suitable to measure fragments greater than 0.4 mm in their longest length. When measuring
glass fragments less than 0.4 mm in size, the glass could break apart and disrupt the plasma. Ten
fragments were collected from each of the seven distinct sizes, and one replicate was collected
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from each fragment (10 measurements per fragment size). Full-thickness measurements were
collected and used as a control (~2 mm thick). Before analysis, the selected fragments were
grouped on acetate, cut into circles the size of the LIBS cell, and secured using removable
mounting putty (Scotch, St Paul, MN). The parameters optimized for the analysis of
small/irregular glass using LIBS were used for the rest of the experiments in this study. (see
Table 2, discussed further in section 3.3.4.2.)
3.3.2. Collection of the same-source and different-source glass
3.3.2.1. The collection of glass from the same-source set
This study includes the analysis of two sets of same-source glass. One set originates from
the inner pane (exposed to the vehicle’s interior) of a 2016 Toyota Highlander windshield. The
second set originates from the outer pane (exposed to the environment) of the same vehicle’s
windshield. While both sets originated from the same vehicle, the analysis and comparison of the
two glass panes were kept separate. This study references the two sets as the “inner pane” and
“outer pane”. Fifty glass fragments were collected from different locations on each pane, and the
locations were randomly selected from 100 evenly sized possible locations across each pane.
Martinez-Lopez et al. reports more detail about the collection and storage of the same-source sets
since this paper expands on that reported research.19 From each location, two side-by-side glass
fragments were collected (>1 cm). One glass fragment was used as the full-thickness fragment
(~2mm thick), while the other fragment was crushed to select small/irregular glass which ranged
in size from 0.4 mm to < 1 mm. The following sections provide more detail on the sample
preparation for µ-XRF and LIBS analysis. During this study, all full-thickness and
small/irregular glass fragments were analyzed via µ-XRF. Since homogeneity across the inner
and outer panes of the windshield have been reported for both µ-XRF and LIBS analysis,19 a
subset of the full-thickness and small/irregular glass was also analyzed using LIBS. The LIBS
subset consisted of full-thickness and small/irregular glass collected from 25 locations across the
inner and outer glass panes. Supplemental figures 1 and 2 provide a diagram of the 50 (µ-XRF)
and 25 (LIBS) locations for the collected fragments.
3.3.2.2. The collection of glass from the different-source set
The different-source samples were obtained from a NIST set of windshield glasses
collected from M&M Service & Salvage Yard Inc. (Ruckersville, VA). Two full-thickness
fragments, > 1 cm, were collected from either the inner or outer panes of 50 vehicular
windshields. The windshields originated from a wide variety of vehicle makes and models. A
subset consisting of 25 full-thickness and small/irregular glass fragments was analyzed using
LIBS to maintain consistency between the number of fragments from the same-source and
different-source sets. Similar to the same-source sets, one of the two collected fragments was
analyzed as full-thickness while the other was crushed to select small/irregular fragments.
Figure 1 shows a breakdown of the manufacturers of the 50 vehicle windshields analyzed using
µ-XRF (left) and the 25 vehicle windshields analyzed using LIBS (right). Figure 2 shows the
different manufacturing years for the µ-XRF set (left) and the LIBS set (right).
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Figure 1. Breakdown of the different manufacturers of the vehicles selected in the differentsource set used for µ-XRF (left) and subset used for LIBS (right).

Figure 2. Breakdown of the different years of manufacturing of vehicles selected in the
different-source set measured µ-XRF (left) and the LIBS subset (right).
3.3.3. Preparation of full-thickness and small/irregular glass samples for analysis
3.3.3.1. Preparation of full-thickness glass for analysis via µ-XRF and LIBS
Sample preparation for the full-thickness glass fragments involved cleaning the glass
using methanol. The float side of each fragment was identified, and a small marker dot was
placed on the non-float side for identification and laser focusing purposes. The non-float side of
the glass was polished using a 600-grit, followed by a 1200-grit silicon carbide sandpaper. For µXRF analysis, the fragments were adhered to XRF film wheels (Chemplex Industries Inc., Palm
City, Florida) using clear washable glue (Elmer’s, Westerville, Ohio). For LIBS analysis, the
fragments were attached to an acetate circle cut to the size of the LIBS cell using double-sided
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tape (Scotch, St Paul, MN). In both cases, measurements were collected from the non-float side
of the glass. The full-thickness fragments used in this study had lengths of about 1 cm and were
2 mm thick. Flat surfaces were exposed for µ-XRF and LIBS analysis with 5 and 12
measurements collected per fragment, respectively.
3.3.3.2. Preparation of full-thickness and small/irregular glass samples for analysis via
LIBS
One of the full-thickness glass fragments collected from each section was selected to be
crushed. Before crushing, the fragment was cleaned and polished as described in section 3.3.3.1.
Additionally, the entire float side of the fragment was marked with a green sharpie to avoid
selecting a small fragment that contained an original float surface. Each fragment was wrapped
in weighing paper and crushed using a mortar and pestle. To prevent contamination, the fragment
was covered in new weighing paper, and the mortar and pestle were cleaned with acetone
between each fragment. Small/irregular glass fragments between 0.4 mm and < 1 mm in length
were selected from the crushed fragments avoiding original surfaces. For micro-XRF and LIBS
analysis, the selected fragments’ thickness was greater than 0.1 mm and greater than 0.4 mm,
respectively. All measurements of the fragments were completed using a micro ruler and were
conducted using a stero microscope. The non-destructive nature of µ-XRF and the use of a stand
to raise the fragments off of the instrument’s stage30 allowed for the analysis of fragments that
were thinner than the ones selected for LIBS. The experiments conducted prior to the study
determined that our LIBS configuration could successfully analyze small/irregular glass greater
than 0.4 mm thick. When analyzing glass fragments thinner than 0.4 mm, the laser would crack
the glass. Figure 3 shows an example of small/irregular glass fragments after LIBS (right) and
µ-XRF (left) analysis. The ablation crater is present in the fragment analyzed by LIBS, while no
damage is observed on the fragment analyzed by µ-XRF. The small/ irregular fragments were
either glued to XRF film wheels (Chemplex Industries Inc., Palm City, Florida) or were mounted
on acetate wheels using removable mounting putty (Scotch, St Paul, MN) for µ-XRF or LIBS
analysis, respectively. Figure 4 provides a schematic that details the full-thickness and
small/irregular locations, fragments, and measurements for both µ-XRF and LIBS analysis.
Comparisons were conducted between either full-thickness fragments or small/irregular
fragments, meaning that no comparisons of full-thickness fragments to small/irregular fragments
occurred.
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Figure 3. Example of small/irregular glass fragments analyzed by LIBS (left) and µ-XRF (right).
LIBS is a minimally destructive technique, while µ-XRF is a non-destructive technique. The
insert shows the crater left on the glass after LIBS ablation.
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Figure 4. Schematic that describes the sampling of the full-thickness and small/irregular glass
fragments for µ-XRF (left) and LIBS (right). The same-source sample is shown on the top, and
the different-source sample is shown on the bottom.
3.3.4. Instrumental analysis of small/irregular and full-thickness glass
3.3.4.1. µ-XRF analysis
This study used a Bruker M4 Tornado µ-XRF to analyze the full thickness and
small/irregular glass fragments. Two silicon drift detectors (SDD), each with a 50 mm2 active
area, were used to collect the data during sample collection. The acquisition parameters are listed
in table 1, and the collection of 5 measurements from different locations within each fragment (5
minutes/measurement) took approximately 25 minutes. The instrument was calibrated weekly
using a zirconium standard, and a performance check was conducted on each day of analysis.
Five measurements of the NIST standard reference material (SRM) 1831 were collected during
the performance check. Using control charts, these measurements were monitored for inter-day
variation larger than three standard deviations (~95% confidence interval).
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Table 1. µ-XRF instrumental parameters used in this study.
µ-XRF Instrumental Parameters
Brand, model
Bruker, M4 Tornado
detector
Silicon Drift Detector x 2
X-Ray beam material
Rhodium
Vacuum
20 mbar
Voltage
50 kV
Current
600 µA
Spot size
20 µm
Pulse Throughput
130 kcps
Acquisition time
300 Ls
# of measurements per fragment
5
3.3.4.2. LIBS analysis
The analysis of the full-thickness and small/irregular glass fragments was conducted
using a LIBS J200 instrument manufactured by Applied Spectra. This instrument was equipped
with a 266 nm ns-Nd:YAG laser and a six-channel Czerny-turner spectrometer. Previously
optimized acquisition parameters were used to analyze the full-thickness glass fragments and are
listed in table 2 (left). The analysis of glass < 1 mm in size was optimized during the SRM 612
small fragment experiment, and the parameters are listed in table 2 right (right). The main
differences between the two sets of parameters occur with spot size, number of shots, and the
ablation pattern. Performance checks using NIST SRM 612 and NIST SRM 610 were conducted
each day of analysis. The inter-day variation of Ca 422.7 nm, Mg 285.8 nm, Si 288.2 nm, and Sr
407.8 nm were monitored daily using quality control charts with 95% confidence intervals.
Table 2. LIBS instrumental parameters used in this study.
Full Thickness LIBS Instrumental
Parameters
Brand, model
Applied Spectra, J200
detector
266 nm ns-Nd: YAG
Energy (Fluence) 35% (81.9 J/cm2)
Frequency
10 Hz
Spot size
100 µm
Gate delay
1 µs
Gas, flow
Ar, 1 L/min
Pattern
4 spots grid x 3
Number of shots
100
Measurements
12
per fragment

Small Fragment LIBS Instrumental
Parameters
Brand, model
Applied Spectra, J200
Detector
266 nm ns-Nd: YAG
Energy (Fluence) 35% (83.8 J/cm2)
Frequency
10 Hz
Spot Size
50 µm
Gate Delay
1 µs
Gas, flow
Ar, 1 L/min
Pattern
1 spot
Number of Shots 50
Measurements
1
per fragment
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3.3.5. Data analysis of full-thickness and small/irregular fragments analyzed by LIBS and µXRF
3.3.5.1. µ-XRF data pre-processing and analysis
Data collected using µ-XRF was pre-processed by identifying peaks using the Bruker M4
Tornado software. Once peaks were established, the software obtained the selected peak
intensities after background subtraction. The six elemental ratios recommended by ASTM E2926
include Ca/Mg, Ca/Ti, Ca/Fe, Ca/K, Fe/Zr, and Sr/Zr.17 Since potassium was not present above
the limit of quantitation in the same-source samples, the Ca/K ratio was excluded from the samesource comparisons. The five measurements, collected from each full-thickness or
small/irregular fragment, were used to calculate the precision as %RSD and perform various
comparison criteria. Three criteria were used for pairwise comparisons of the µ-XRF data: 1)
range overlap (recommended by ASTM17), 2) mean ± 3s intervals (recommended by ASTM17),
and 3) a comparison interval of mean ± 3s (with a minimum 3% RSD). The third comparison
criterion has been reported in a recent publication19 using a µ-XRF with an SDD and is based on
the comparison criterion reported in the ASTM standard test method for the analysis of glass
using LA-ICP-MS (ASTM E2927).16 All comparisons were conducted using a custom R code
using R (version 4.2.1) and R studio (v 1.2.1335).
3.3.5.2. LIBS data pre-processing and analysis
Data collected via LIBS was pre-processed using the Aurora software. Each spectrum
was background subtracted, and 20 emission lines were integrated: Fe 274.6 nm, Mg 279.6 nm,
Mg 280.3 nm, Si 288.2 nm, Al 309.3 nm, Ca 370.6 nm, Fe 373.7 nm, Cu 324.8 nm, Cu 327.4
nm, Ti 334.9 nm, Si 390.6 nm, Ca 393.4 nm, Sr 407.8 nm, Ca 422.7 nm, Ba 493.4 nm, Ba 649.7
nm, Li 670.8 nm, K 766.5 nm, Na 819.5 nm, Ca 849.8 nm. Twelve of the 20 emission lines were
selected for the windshield samples based on previous research conducted by this group that
determined these emission lines were useful for discrimination purposes.19 Signal-to-noise ratios
(SNR) were obtained by dividing the integrated peak signals by the integrated noise. The SNR
for each elemental line was used to calculate %RSD and perform various comparison criteria.
There is no current standard method for the analysis and interpretation of glass using LIBS, but
the five comparison criteria used for this study are reported within the literature.19 Similarly to
the previous section, all comparisons were conducted using a custom R code using R (version
4.2.1) and R studio (v 1.2.1335).
The optimization of the LIBS method for the analysis of small/irregular fragments used
NIST SRM 612. During the optimization, Analysis of variance (ANOVA) was conducted using
JMP Pro 16 (JMP Statistical Discovery LLC, Cary, NC) software with an alpha correction due to
the multiple emission lines. ANOVA statistically determines significant differences between the
means. Fifteen different emission lines (from the 20 integrated emission lines above) with an
SNR greater than three were selected. These emission lines were the best performing for NIST
SRM 612. Before performing ANOVA, all data were checked for normality, and outliers were
removed when needed.
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3.4. Results and discussion
3.4.1. Homogeneity assessment of full-thickness and small/irregular glass fragments using µXRF
3.4.1.1. Comparison of the same-source glass sample set
For same-source samples, calculated %RSD estimated the variability within
measurements collected from a single fragment and between measurements collected across
multiple glass fragments within the same source. Figure 5 shows the calculated %RSD for the
inner and outer glass panes with the solid color indicating the %RSD within a single glass
fragment (intra-fragment). The striped bars indicate the %RSD between glass fragments from the
same window source (intra-source). For all cases within this same-source study, the withinfragment %RSD was smaller than the between-fragment %RSD. Although a slight increase in
between-fragment variability is expected, a more significant increase in variability can indicate
heterogeneity within the glass source. Thus, these variables were carefully monitored.
In figure 5, the full-thickness fragments served as a control in this study to compare to
the results from the small/irregular fragments. Overall, the larger %RSD values calculated for the
small/irregular fragments indicated increased variability within these measurements. Fullthickness glass produced between-fragment %RSD values < 10% for the inner pane and < 7%
for the outer pane. However, the %RSD values increased for small/irregular fragments to <15%
for most inner and outer pane ratios. More significant increases in the %RSD values occurred
within the Ca/Mg (30% inner, 16% outer) and Fe/Zr (60% inner and 50% outer) elemental ratios.
Since lower intra-fragment and intra-source %RSD values were observed in the full-thickness
fragments, true heterogeneity within this source of glass is not the cause of the variability in the
smaller fragments. Instead, the samples lack of thickness caused critical depth effects for heavier
elements such as iron, strontium, and zirconium samples and the surface irregularities effected
lighter elements such as Ca and Mg. Both circumstances lead to increased %RSD values.31
Figure 6 displays the increased variability across the 50 samples when analyzing small
glass versus full-thickness glass samples. In this stacked bar plot, the percentage of each
elemental ratio compared to all five elemental ratios is shown for each fragment within the inner
and outer glass panes and is normalized to 100%. Very few differences between the fullthickness fragments (left plots) in the stacked bar plot suggest that the inner and outer panes are
mostly homogeneous, and the variability between the measurements is small. When comparing
the small/irregular stacked bar plots (right plots), the differences between each fragment are
much more apparent, indicating the observed variability originates from the measurements of
smaller/irregular fragments. Similar to the %RSD plots, the main differences are caused by the
Fe/Zr ratio, and variabilities seen between fragments were reduced when this ratio was removed.
This is particularly relevant to forensic glass analysis as Fe/Zr is among one of the most
discriminating ratios for glass comparisons.17,18,24 This indicates that precision deteriorates due to
take-off-angle and critical depth effects when using fragments smaller than 1 mm with variations
in surface geometries.28,32,33 Figure 6 further highlighted the impact of the fragment shape and
size on the variability of the measurements across a single source of glass.
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Figure 5. Calculated % RSD values for both full-thickness (left) and small/irregular glass
fragments (right) analyzed with µ-XRF. Measures of variability are computed within the
measurements taken from a single fragment (intra-fragment) and all measurements collected
across the windshield fragments (intra-source).

45

Figure 6. Stacked bar plots representing the variability of 5 different elemental ratios, measured by µ-XRF across the inner (top) and
outer (bottom) windshields. Fifty different locations across the windshield were included for the full thickness (left) and
small/irregular (right) glass samples.
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The ASTM E2926 standard test method recommends using comparison criteria to
compare a questioned and known glass fragment.17 Previous research showed that using more
than one known fragment and a 3s (3%RSD) comparison criteria reduced the false exclusion
rates when using full-thickness fragments measured by µ-XRF with SDDs.19 In this study, the
false exclusion rates were calculated based on the known origin of the inner and outer pane
fragments. Figure 7 plots the false exclusion rate vs. the number of known fragments for the
inner (top plots) and outer (bottom plots) panes. The 3s (3% RSD) criterion performed the best
for the inner and outer panes when analyzing full-thickness glass fragments. Additionally, using
four known glass fragments produced a false exclusion rate of < 12% for inner and outer panes.
When using either range overlap or 3s as the comparison criterion, more than four known glass
fragments produce similar false exclusion rates to the ones obtained with the previous criterion.
Using more known fragments allows a better characterization of the elemental composition of
the source and reduces the false exclusion rate regardless of the comparison criteria. These
findings indicate that when analyzing full-thickness glass, more than one known fragment is
necessary to characterize a known glass source.
These results agree with our previous study, which highlighted the relevance of adapting
sampling and comparison criteria to improve precision observed with modern SDD systems.
Since the current ASTM criteria were selected based on older SiLi systems with poorer
sensitivity and precision, the application of these criteria to data collected with an SDD µ-XRF
results in high false exclusion rates.
On the other hand, the observed precision deterioration in small/irregular fragments rules
out the need for broader comparison intervals. Instead, to minimize error rates when analyzing
small and irregular fragments two main recommendations are: 1) compare the questioned to
known fragments of similar shape and size, and 2) increase the number of known fragments to
characterize the variability of elemental composition better.
When considering the small/irregular fragments, all comparison criteria produced
unacceptable false exclusion rates in a 1Q-to-1K comparison (> 50% for inner and outer panes).
Using 1Q-to-2K fragments in the comparison the false exclusion rates decreased but were still
greater than 30% for most comparison criteria. Like the full-thickness fragments, the more
fragments used to generate the known profile lowered the likelihood of a false exclusion. Using 8
to 9 fragments to generate the known profile resulted in false exclusion rates < 10-16% for the
inner and outer small/irregular fragments. These findings show that small/irregular fragment
analysis increases the risk of false exclusions compared to full-thickness fragments, even when
increasing the number of known fragments used in the comparison. When considering casework
scenarios the analysis of 8 to 9 known fragments may not be practical due to time and the
amount of sample recovered. Therefore, further research and testing is needed to determine if
this recommendation would be beneficial to implement in crime labs.
When using a 1Q-to-1K comparison of a full-thickness glass fragment to a small/irregular
glass fragment, the false exclusion rates for range overlap, 3s, and 3s (3% RSD) increased to
100%, 98.9%, and 98.5% respectively. The increase in error rates when comparing full-thickness
and small/irregular glass strengthens the recommendation that known glass fragments need to
have a similar shape and size to the unknown fragment.
Generally, lower false exclusion rates can be achieved using full-thickness fragments,
which is not always possible in casework samples. If a small/irregular fragment comparison must
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occur, increasing the number of known fragments used in the comparison can reduce the false
exclusion rates. These findings encourage µ-XRF users to ensure complete characterization of
the known source in both full-thickness and small fragment comparisons.

Figure 7. Calculated false exclusion rates comparing one questioned fragment to an increasing
number of known fragments (one fragment through ten K fragments). Rates are calculated based
on full-thickness (left) and small/irregular (right) fragments analyzed with µ-XRF for both the
inner (top) and outer (bottom) glass panes.
3.4.1.2. Different-source assessment of full-thickness vs. small/irregular fragments
When comparing questioned glass fragments to a known glass fragment using ASTM
E2926, examiners assume that the variability within the known source of glass is smaller than the
variability between glass fragments that originate from different sources. Section 3.4.1.1.
discusses the variability within a single glass source when analyzing full-thickness and
small/irregular glass fragments. This section assesses the variability between 50 fragments
originating from different sources and the respective discrimination potential and false inclusion
rates for this set. Figure 8 shows the within fragment (intra-fragment) %RSD values for fullthickness and small/irregular glass fragments from each different-source elemental ratio. The
Fe/Zr and Ca/Fe small/irregular fragment %RSD values deteriorated the most compared to the
full-thickness measurements. These findings follow a similar trend as observed for same-source
set. Figure 9 shows stacked bar plots, which visually indicate the variability between differentsource full-thickness and small/irregular glass fragments. When comparing figure 9 to figure 6,
there is still more variability within the full-thickness fragments originating from different
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vehicle windshields than fragments originating from the same windshield. These findings
demonstrate the validity of the initial assumption made during forensic glass comparisons using
µ-XRF for small/irregular fragments. However, it becomes more evident that the between-source
differences may be overestimated by the variability introduced by the shape/size factor. Also, the
deteriorated precision of measurements in small fragments affects the method’s ability to detect
more minor differences between sources.

Figure 8. Calculated percentage RSD for the full-thickness and small/irregular different-source
glass samples analyzed by µ-XRF. %RSD was calculated for the average intra-fragment
replicates from each of the different sources.
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Figure 9. Stacked bar plots representing the variability of 8 different elements between glass
originating from different vehicle windshields. Fifty different-source glass fragments were
included for the full-thickness (top) and small/irregular (bottom) glass samples.
The false inclusion rates were assessed to determine the appropriate comparison criterion
for comparing small/irregular glass fragments. The rates, calculated based on pairwise
comparisons, are shown in table 3. For full-thickness and small/irregular fragments, false
inclusion rates were < 0.6% for all comparison criteria. The discrimination ability of µ-XRF is
not affected by the increased variation within small/irregular replicates. However, one limitation
of this study is the assessment of the false inclusion rates when using more than one known
fragment in the comparison since this dataset was limited to five measurements within a single
fragment. At the time, we did not have access to more fragments per source, as we
recommended. Further research is needed to thoroughly understand the false inclusion rates of
small/irregular glass fragments using µ-XRF with a larger number of known fragments (e.g., > 9
Ks, according to the same-source findings in this study). Still, the study raises awareness on the
need to reassess the comparison and sampling criteria of µ-XRF elemental profiles of glass when
using modern SDDs and full-thickness or small/irregular fragments. Otherwise, forensic labs can
be exposed to increased risks of error rates.
Table 3. Calculated false inclusions rates using one questioned fragment to one known fragment.
Rates are calculated for full-thickness (1st row), and small/irregular (2nd row) fragments are
analyzed with µ-XRF for the different-source sample sets.
Range Overlap
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Mean ± 3S

Mean ± 3S (3%RSD)

Full-Thickness (1Q vs. 1K)
Small Fragments (1Q vs. 1K)

0%
0%

0%
0%

0.57%
0.04%

3.4.2. Homogeneity assessment of full-thickness and small/irregular glass fragments using
LIBS
3.4.2.1. Optimization and testing of LIBS parameters to analyze small/irregular glass using
NIST SRM 612.
The optimized LIBS parameters for analyzing full-thickness glass samples were tested
and adjusted to study small/irregular glass fragments. This was critical for the experimental
setup, as the method is somehow destructive to the sample. Thus, laser ablation parameters will
determine the practical thresholds of surface areas and penetration depths available for analysis.
Through the testing, glass fragments that are ≥ 0.4 mm in their most extended length and ≥ 0.4
mm in thickness were determined to produce reliable results when analyzed using LIBS because
fragments smaller than 0.4 mm tended to crack and produce irreproducible data. However, we
want to note that these findings cannot be generalized as other LIBS systems with smaller
fluence settings or shorter wavelengths may be able to analyze smaller fragments without
cracking the glass. Table 2 shows the optimized parameters for full-thickness and small/irregular
glass analysis.
Multiple small/irregular fragments of NIST SRM 612 were analyzed at seven sizes to
assess the feasibility of LIBS analysis on glass between 0.4 mm and <1 mm in size. Compared to
the full-thickness control, more variability is seen between the replicates when analyzing
small/irregular glass fragments. Figure 10 illustrates the results, separated by the glass’s size, for
the calcium 370.6 nm and strontium 407.7 nm emission lines. The spread of the same size
measurements increases as the size decreases, corresponding to an increase in the measurement
variability. This is most likely due to the reduction in the surface area affecting the stability of
the plasma during ablation or undesirable cracking of the glass due to the plasma shock wave and
temperature causing irreproducible ablation and excitation of species. The rise in replicate
variability leads to significant differences between the elemental signals of full-thickness control
measurements and the small/irregular samples. In figure 10, the top plots show all measurements
collected, including the full-thickness control, while the bottom plots show only the replicates
collected from small/irregular glass fragments. ANOVA determined significant differences
between most elemental lines and the full-thickness replicates (α = 0.05/n, where n is the number
of variables). However, those differences were no longer significant when only comparing the
smaller fragments against each other (α = 0.05/n). This is most likely due to the variations in the
excitation of species in small fragments versus full-thickness, caused by different dissipation of
the plasma in the glass, causing increased variability within replicates. These findings were
somewhat unexpected, as previous LA-ICP-MS studies show the amount and distribution of
ablated particles does not drastically change with fragment size. These discoveries indicate that
plasma excitation conditions are affected by the size and irregularities on the ablated surface.
However, these findings are preliminary and dependent on the laser configurations used in this
study. Most likely, laser systems with lower laser wavelengths and energy settings will be less
influenced by sample size.
Using various comparison criteria also demonstrated differences between the fullthickness and small fragment replicates. Table 4 shows the false exclusion rates using ANOVA
and ten different comparison criteria. This table lists the false exclusion rates, including the
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comparisons with full-thickness replicates and excluding these comparisons. In most cases, the
results show that pairwise false exclusions occurred between full-thickness and small/irregular
fragments. False exclusion rates, including full-thickness comparisons, were 84% using ANOVA
and < 29% to 25% using other comparison criteria. However, the false exclusion rates were
reduced to < 5% when removing full-thickness comparisons and comparing only fragments 0.4
mm to 1 mm. These findings show that comparisons between full-thickness glass fragments and
small/irregular fragments using LIBS could cause increased false exclusions, and known glass
fragments should represent the size of the questioned glass.

Figure 10. ANOVA/Tukey Kramer plots of Ca 643.9 nm (left) and Sr 407.7 nm (right). The
plots on top show both small fragments measurements and full-thickness measurements. The
plots on the bottom show the small fragment measurements, excluding the full-thickness
fragments (1 mm to 0.4 mm long, 0.4 mm thick).
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Table 4. Calculated false exclusion rates using ANOVA/Tukey Kramer and various comparison criteria. This table includes the rates when including
and excluding full-thickness measurements. FT = full-thickness.
3S
4S
4S
(3%RSD) (3%RSD) (4%RSD)

4S
(Avg%RSD)

4S
(Max% RSD)

Modified 4S
(Avg %RSD)

Modified 4S
(Max%RSD)

56

56

56

28

28

25%

25%

25%

25%

25%

25%

42

42

42

42

21

21

0%

0%

0%

0%

ANOVA

3S

4S

5S

Pairs

22

56

56

56

56

56

Including FT

87%

29%

25%

25%

29%

Pairs

22

42

42

42

42

Excluding
4.5%
4.8%
0%
0%
4.8%
0%
0%
FT*
*(only fragments measuring 0.4 mm to < 1 mm in length were used for the comparison)
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3.4.2.2. Same-source homogeneity assessment of full-thickness and small/irregular fragments
As the fragment size decreases, obtaining more than one replicate per fragment becomes
challenging with LIBS. This disadvantage is not seen by µ-XRF due to its non-destructive nature
and the ability to measure a smaller spot size (20 µm vs. 50 µm). Although LIBS can ablate
smaller sizes, our optimization demonstrated that spots smaller than 50 m suffered from poor
sensitivity and reproducibility. Therefore, one measurement was obtained from each of the
small/irregular fragments analyzed with LIBS. Once one measurement was obtained on the
small/irregular glass fragments, the remaining non-ablated surface area was usually not large
enough to obtain additional measurements without severe cracking on the glass. It is typical in
casework scenarios to collect multiple replicates from a glass fragment and the current LIBS
parameters do not allow for this possibility. Therefore LIBS is not recommended to analyze
fragments less than 1 mm using the current parameters. Further research is needed to determine a
LIBS configuration that allows for more than one replicate per fragment. Figure 11 plots the
%RSD values for eight elemental lines from inner and outer panes fragments. The increase in
%RSD values for small fragments is minimal for most elemental lines, increasing from < 12%
for full-thickness fragments to < 15% for small/irregular fragments. More significant increases in
small/irregular fragment %RSD values occurred for the potassium (25% inner, 40% outer) and
sodium (20% inner and outer) emission lines. The increased variability seen within small and
irregular glass fragments corresponds with µ-XRF results but is likely caused by the stability of
the plasma during ablation when a smaller mass is available to dissipate the laser energy. Figure
12 contains two stacked bar plots representing full-thickness and small/irregular fragments.
When comparing the two plots, more visual differences are observed in small/irregular fragments
than in full-thickness fragments. These visible differences further support the increased
variability acquired within the different-source small fragment analysis using LIBS. Similar to µXRF, fully characterizing a single source of glass using small fragments requires examiners to
account for increased variability within these measurements.
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Figure 11. Calculated % RSD values for both full-thickness (blue) and small/irregular glass
fragments (orange) analyzed with LIBS. Measurements of variability are computed within the
replicate measurements taken from a single fragment (intra-fragment, solid), and all replicate
measurements collected across the windshield (intra-source, patterned).
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Figure 12. Stacked bar plots representing the variability of 8 different elements across the inner (top) and outer (bottom) windshields.
Fifty different locations across the windshield were included for full-thickness glass samples, and 25 different areas were included for
small/irregular glass samples.
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The forensic comparison of glass analyzed by LIBS does not currently have consensusbased methods. The elemental emission lines and the comparison criteria used in this study are
based on previous research from our group for full-thickness glass.19 Five different comparison
criteria were assessed to determine the criterion that produced the lowest false exclusion rates.
Overall, full-thickness fragment comparisons resulted in lower false exclusion rates than
small/irregular fragment comparisons, as shown in figure 13. Since only one replicate could be
obtained for the small fragments three fragments were randomly selected and grouped togther to
perform 3Q comparisons. For full-thickness glass fragments, the 5s, 4s (3% RSD), or 4s (4%
RSD) criteria performed the best for inner and outer panes. Using two known glass fragments
produced false exclusion rates of < 5%, and three to four known glass fragments reduced the
false exclusion rates to < 3%. Using the range overlap or 4s criteria also produced false exclusion
rates < 5% if 4 or 5 known fragments are used for the comparison. The 5s, 4s (3% RSD), or 4s
(4% RSD) criteria produced the lowest false exclusion rates when comparing small/irregular
fragments. False exclusion rates < 10% are achieved using four known fragments, and rates <
4% are achieved using six or more known fragments when using the recommended comparison
criteria. It is advised that six known fragments are used for the comparison, but a minimum of
four known fragments can be used if necessary. Due to the more variability within
small/irregular measurements, the false exclusion rates are higher when using a one-to-one
(three-to-three for small fragments) comparison. However, using more than one known fragment
in the comparison creates a comparison interval that extensivley characterizes the known source
and reduces the false exclusion rates.

Figure 13. Calculated false exclusion rates using one questioned fragment to an increasing
number of known fragments (one fragment through ten fragments). Rates are calculated based on
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full-thickness (blue) and small/irregular (pink) fragments analyzed with LIBS for both the inner
(top) and outer (bottom) glass panes.
3.4.2.3. Different-source assessment of full-thickness vs. small/irregular fragments by LIBS
Increased variability was also seen within small/irregular different-source fragments.
Figure 14 shows the within fragment %RSD values for full-thickness (yellow, solid) and the
inter-fragment %RSD values for the five grouped small/irregular fragments (green, striped).
%RSD values were < 12% for full-thickness fragments, and < 18% for small/irregular fragments.
Potassium, sodium, and iron had the largest increase in the variability from full-thickness to
small/irregular fragments. The stacked bar plots in figure 15 show more visible differences
within the different-source sample set when compared to the same-source plots in figure 12 for
both full-thickness and small/irregular fragments. These findings corroborate the assumption
made during elemental glass comparisons even with the increased variability seen within small
fragment LIBS analysis.

Figure 14. Calculated percentage RSD for the full-thickness and small/irregular different-source
glass samples analyzed by LIBS. %RSD was calculated with the intra fragment replicates for the
full-thickness set and the inter-fragment replicates (from five grouped fragments) for the small
fragment set.
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Figure 15. Stacked bar plots representing the LIBS variability of 8 different elements between
glass originating from different vehicle windshields. Twenty-five different-source glass
fragments were included for the full-thickness (top) and the small/irregular (bottom) glass
samples.
Table 5 provides the false inclusion rates when using a 1Q-to-1K comparison for fullthickness fragments (due to sample availability in this collection set) and a 5Q-to-5K comparison
for small/irregular fragments. The false inclusion rate is between 4% and 6% for full-thickness
fragments when using the 4s, 5s, 4s (3%RSD), or 4s (4%RSD) comparison criteria. For
small/irregular fragments, the false inclusion rate is < 16% when using 4s, 4s (3%RSD), or 4s
(4%RSD), and < 23% when using 5s. This increase in false inclusion rates could be related to the
smaller number of comparisons conducted because only 25 similar samples were included in this
subset. However, it is more likely that the deteriorated precision in smaller fragments reduced the
discrimination capability, increasing the false inclusions.
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Table 5. Calculated false inclusion rates using one questioned fragment to one known fragment for full-thickness and five questioned
fragments to five known fragments for the small fragments. Rates are calculated for full-thickness (1st row), and small/irregular (2nd
row) fragments are analyzed with LIBS for the different-source sample sets.

Pairs
Full-Thickness
Fragments
Pairs
Small Fragments

Range Overlap
2450

4S
2450

5S
2450

4S (3% RSD)
2450

4S (4% RSD)
2450

2.0%

3.0%

4.8%

4.2%

5.0%

600

600

600

600

600

4.3%

15%

22%

16%

16%
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3.5. Conclusion
This study assesses small/irregular glass analysis in a forensic setting using µ-XRF and
LIBS. Small/irregular glass fragments (< 1mm) are often found in casework because of their
ability to transfer, persist and go unnoticed. The assumption that the variability within a single
source of glass is much smaller than the variability between different glass sources is essential
for the interpretation of a glass comparison. While this assumption has proven true for fullthickness glass fragments using µ-XRF and LIBS, this paper tests this assumption for samples of
small/irregular glass representative of casework-like items.
The µ-XRF analysis of small/irregular glass fragments consistently produced deteriorated
precision compared to the full-thickness glass fragments. The Ca/Mg and Fe/Zr ratios had much
larger %RSD values, > 50% for Ca/Mg and > 16% for Fe/Zr when analyzing small/irregular
glass fragments compared to full-thickness fragments. Intra-fragment %RSD values for the
different-source sample set also increased slightly for small/irregular fragment analysis, and the
Fe/Zr ratio produced the most significant increase (from 2% to 6% RSD). Additionally, the
stacked bar plots indicated that the variability within small/irregular fragments increased
compared to full-thickness fragments. The increased variability within the small/irregular glass
fragments is most likely due to the critical depth effect and the surface irregularities affecting the
take-off angle of the incident X-rays. Within just small/irregular fragments, the variability within
the same-source samples was still much smaller than the variability between the samples in the
different-source set.
For µ-XRF full-thickness and small/irregular sample comparisons, a 1Q-to-1K
comparison produced unacceptable false exclusion rates. Using a 3s (3% RSD) comparison
criterion with a 1Q-to-4K comparison produced false exclusion rates of < 12%. A 1Q-to-1K
comparison of the different-source sample set using the 3s (3% RSD) comparison criterion
resulted in a false inclusion rate of 0.57%. For full-thickness fragments, using a 1Q-to-4K
comparison paired with a 3s (3%RSD) criteria is recommended to reduce the false exclusion
rates without significantly increasing the false inclusion rates. More significant false exclusion
rates were observed for the small/irregular fragment compared to the full-thickness rates. For the
small/irregular fragments, all comparison criteria performed similarly. However, a 1Q-to-9K
comparison was needed to produce false exclusion rates of less than 10-15%. The differentsource 1Q-to-1K comparison resulted in no false inclusions for all comparison criteria except for
the 3s (3% RSD) criterion. This criterion produced a minimal false inclusion rate of 0.04%. One
of the main limitations of this study is the different source sample sets. Due to the sampling size,
only 1Q-to-1K comparisons were conducted. The false inclusion rates are expected to increase
when including more K fragments in the comparison, so it is necessary to explore the magnitude
in future experiments. Further research must be conducted to address these limitations and make
recommendations for small glass fragments analysis using LIBS and µ-XRF.
Similarly, the LIBS analysis of small/irregular fragments demonstrated more intrafragment and intra-source variability than the full-thickness specimens. When analyzing
small/irregular fragments of NIST SRM 612, significant differences were detected between fullthickness and small/irregular replicates of NIST SRM 612. This highlights the need to compare
similar size questioned and known fragments by LIBS. Most of the emission lines examined
from the inner and the outer glass panes produced slightly higher %RSD values for
small/irregular fragments. Increased %RSD values (> 25%) indicate more variability within the
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sodium and potassium lines when analyzing small/irregular glass fragments. Small/irregular
intra-fragment %RSD values increased within the different-source set to 8% for potassium,
sodium, and iron emission lines. The stacked bar plots further support the increased variability
between full-thickness and small/irregular fragments. When comparing the same-source and
different-source small/irregular stacked bar plot, there is still more variability between differentsource glass than within the same-source glass. This indicates that while the variability within
replicates will increase when analyzing the same-source samples, there will still be more
variability captured between replicates from glass originating from different sources.
All comparison criteria for the LIBS full-thickness fragments produced similar false
exclusion rates. Overall, a 1Q-to-4K comparison paired with the 4s, 5s, 4s (3%RSD), and the 4s
(4%RSD) comparison criteria produced false exclusion rates of less than 3% for the inner and
outer pane. When assessing the false inclusion rates using the full-thickness different source set,
the 4s and 4s (3%RSD) criteria produced false inclusion rates < 4.5%, and the 5s and 4s
(4%RSD) criteria produced false inclusion rates < 4.8%. These findings indicate that the 4s and
4s (3% RSD) comparison criteria perform the best for full-thickness glass comparisons analyzed
with LIBS.
When comparing small/irregular fragments, using 6 to 9 known fragments in the
comparison resulted in false exclusion rates less than 4% for most comparison criteria. The false
inclusion rates for small/irregular fragments are generally less than 16% when using a 4s, 4s (3%
RSD) criterion. However, false inclusion rates rise to > 20% when using the 5s criteria. Thus, we
recommend using 6 to 9 known fragments in the comparison paired with a 4s or 4s (3% RSD)
criterion when comparing small/irregular fragments.
This study demonstrates that increased variability is likely when analyzing small/irregular
glass fragments using LIBS and µ-XRF. Therefore, more known fragments should be used to
create the comparison interval to minimize the risk of false exclusions. Additionally, the known
fragments should be broken to best represent the size and shape of the unknown glass for both
LIBS and µ-XRF. While this study provides a basis for the understanding how small/irregular
fragments can affect the LIBS and µ-XRF analysis of glass, further research into the false
inclusion rates when including more than one known fragment in the comparison is needed to
thoroughly understand the number of known fragments required to improve the overall accuracy.
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3.7. Supplemental Materials

Figure S1. Diagram of the collection from the windshield inner pane. The dotted line represents
the different sections of the pane, and the highlighted areas represent the 50 locations where two
full-thickness fragments were collected (left). The diagram on the right shows the sections where
the smaller 25 sample subset originated from (yellow) and the sections that were part of the
original 50 locations but were not selected for the sub-set (grey).

Figure S2. Diagram of the collection from the windshield outer pane. The dotted line represents
the different sections of the pane, and the highlighted areas represent the 50 locations where two
full-thickness fragments were collected (left). The diagram on the right shows the sections where
the smaller 25 sample subset originated from (orange) and the sections that were part of the
original 50 locations but were not selected for the sub-set (grey).
Table S1. Table displaying the make, model, year and VIN number for the different source
samples included in this study. The rows highlighted in green are the 25 different source glass
fragments selected for the subset.
Sample ID

Make

Model

Year

VIN

DS-01
DS-02
DS-03
DS-04
DS-05
DS-06
DS-07
DS-08
DS-09

Audi
Audi
Volkswagen
Volkswagen
Jetta
Audi
Hyundai
Hyundai
Kia

Q3
A4
Atlas
Passat
Except GLI
Q5
Ioniq
Sonata
Kona

2016
2017
2018
2017
2019
2018
2017
2017
2018

WA1EFCFS9GR000934
WAUGNAF4XHN003581
1V2DR2CA6JC502520
1VWAT7A32HC041637
3VWC57BU4KM054096
WA1ANAFY3J2005900
KMHC85LC1HU029127
5NPE24AF4HH490340
KM8K1CAA1JU085175
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DS-10
DS-11
DS-12
DS-13
DS-14
DS-15
DS-16
DS-17
DS-18
DS-19
DS-20
DS-21
DS-22
DS-23
DS-24
DS-25
DS-26
DS-27
DS-28
DS-29
DS-30
DS-31
DS-32
DS-33
DS-34
DS-35
DS-36
DS-37
DS-38
DS-39
DS-40
DS-41
DS-42

Genesis
Hyundai
Mazda
Kia
Kia
Kia
Lincoln
Jeep
Chevrolet
Chevrolet
GMC
Dodge
Ford
Ford
Mitsubishi
Subaru
Subaru
Mercedes
Infiniti
Subaru
Nissan
Honda
Lincoln
Toyota
BMW
Nissan
Buick
Mercedes
Toyota
BMW
Kia
Volvo
Lexus

G90
Santa Fe
6
Cadenza
Soul
Forte
MKZ
Compass
Malibu
Equinox
Acadia
1500 Series
Escape
Fusion
Outlander
Ascent
Ascent
E Class
QX50
Impreza
Frontier
HRV
Continental
RAV-4
X3
Altima
Lacrosse
GLC Class
Tacoma
X5
Rio
S60
ES350

2017
2017
2017
2017
2018
2017
2017
2017
2017
2018
2018
2019
2017
2017
2018
2019
2019
2017
2019
2017
2017
2017
2017
2019
2018
2019
2017
2017
2017
2019
2018
2019
2019

KMHG34JA4HU021535
KM8SMDHF5HU189984
JM1GL1U56H1117895
KNALB4J16H5049060
KNDJN2A20J7509306
3KPFK4A77HE144347
3LN6L5C93HR613262
3C4NJDAB3HT647355
1G1ZE5ST9HF219053
2GNAXREV8J6178781
1GKKNRLA7JZ206940
1C6RREFT9KN616529
1FMCU9GD9HUA10444
3FA6P0H76HR212605
JA4AR3AU0JZ003419
4S4WMAAD0K3404113
4S4WMACDXK3404567
WDDZF4JB8HA097456
3PCAJ5M34KF104711
4S3GKAB6XH3600633
1N6AD0CU3HN703076
3CZRU6H32HG707342
1LN6L9SK0H5602833
2T3G1RFVXKW005224
5UXTR9C53JLC77063
1N4BL4BV4KC120021
1G4ZN5SS4HU170818
WDC0G4KB3HF252636
3TMAZ5CN4HM028259
5UXCR6C56KLK68998
3KPA24AB1JE048735
7JRA22TK8KG003375
58ABZ1B10KU002647

DS-43

Chevrolet

Silverado 1500

2019

1GCUWEED5KZ114566

DS-44
DS-45
DS-46
DS-47
DS-48
DS-49
DS-50

BMW
Volvo
Subaru
Tesla
Honda
Chrysler
Hyundai

X2
S90
Forester
S
Civic
Pacifica
Veloster

2018
2018
2019
2016
2017
2018
2019

WBXYJ5C33JEF69342
LVY982AK6JP025725
JF2SKACC9KH405794
5YJSA1E19GF166736
2HGFC2F5XHH542134
2C4RC1AG7JR263593
KMHTG6AF5KU005023
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4. The Analysis of Glass from Portable Electronic Devices and their
Glass Accessories using µ-XRF and LIBS for their use in Forensic
Investigations.
Parts of the following thesis chapter have been adapted from a manuscript submitted to a peerreviewed journal with Oriana Ovide B.S, Ruthmara Corzo Ph.D., and Tatiana Trejos Ph.D. as the
authors, and the following title “The Analysis of Glass from Portable Electronic Devices and
their Glass Accessories using µ-XRF for their use in Forensic Investigations.” This manuscript
includes the µ-XRF data only.

4.1. Overview
In this study, glass from 30 different portable electronic devices (PED) screens, 15 screen
protectors (SP), and three brands of liquid glass (LG) were analyzed using a µ-XRF instrument
equipped with two silicon drift detectors (SDD). The 30 PED screens were analyzed using LIBS
to compare the elemental composition of the same type of glass with a second technique.
Additional µ-XRF and LIBS analysis of six fragments, all originating from the same PED and
SP screen, assessed the elemental homogeneity within a single glass source. Examinations of the
30 PEDs and the majority of the SP screens revealed spectra with high potassium and either no
or low detectable calcium.
Initial spectral overlay examinations classified the PED and SP samples into major
groups based on their distinct elemental profiles (5 PED groups, 4 SP groups). The same PED
groupings were corroborated using LIBS based on different signal-to-noise ratios between the
five groups. Further discrimination of within-group samples was possible when considering
reproducible differences in µ-XRF signal intensities using a 3s (3% RSD) comparison criteria
(overall discrimination 98.4% PED, 100% SP). In contrast, when using the LIBS SNR ratios, it
was determined that the selected emission lines did not contain enough variability within the
PED sub-groups to provide within-group discrimination (overall discrimination 90% PED).
Same-source PED and SP samples resulted in low variability within most elements
examined (< 8% RSD), except for potassium. Similarly, same-source PED samples produced
low variability for most LIBS emission lines (< 20% RSD). A 3s (3% RSD) comparison criterion
applied to µ-XRF data produced the lowest overall false exclusion rates among same-source
fragments (3.3% PED, 0.8% SP) while maintaining a high overall discrimination power among
different-source fragments. However, the false exclusion rates when applying a 4s comparison
criterion to the LIBS PED data produced higher false exclusion rates (14%). Overall, µ-XRF
analysis of PED glass performed better than LIBS. The nature of the PED formulations, which
are thinner and more fragile than conventional soda-lime glass, led to random cracking and poor
plasma reproducibility between replicate measurements when using LIBS.
Finally, spectral contrast angle (SCA) ratios were calculated to provide a quantitative
metric of µ-XRF spectral similarity. Based on the SCA ratios from the same-source and different
source datasets, an experimental threshold was set at around 2. The threshold produced false
exclusion and inclusion rates of 4% for the PED and 0.95% for the SP fragments. Spectra of just
the liquid glass residues indicated some major elements present, but the effect of these elements
in PED fragments treated with liquid glass was not significant. This study provides a preliminary
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understanding of the elemental composition of modern PED, SP, and LG and their
discrimination capability using µ-XRF and LIBS in a forensic setting.

4.2. Introduction
The use of glass for multiple applications makes it a prevalent material in everyday life.
Examples include the use of glass in vehicles1 and architectural windows,2 laboratory
equipment,3 tableware,4 electronic devices,5 and medical technology.6 The glass industry
within the US continues to grow with a 1.1% production increase forecasted by 2023.7
One aspect of the glass industry is the glass used in portable electronic devices (PEDs)
screens. A 2020 survey conducted by Pew Research Center found that 98% of US residents
owned at least one mobile device.8 Since 2010, the sales of smartphones increased from 296
million units to over 1.5 billion units and the industry has seen an increase of 18 billion dollars in
sales.9 The portability of these devices and their growing prevalence increases the likelihood that
PEDs are involved in or around criminal activity. Due to the fragility of glass, some PED screens
are expected to break during violent acts and potentially transfer fragments to the persons
involved. A 2017 square trade survey found that 47% of iPhone owners had a broken iPhone
screen.10 These glass screens within PEDs can break during forceful interactions with the device
(i.e., if the PED falls at the scene). Thus, this study explores the forensic implications of glass
from portable electronic devices due to their growing prevalence within the population.
Glass can gain evidentiary value when it is broken and transferred to the vicinity during a
crime. During the breaking event, glass randomly shatters into fragments of various sizes and
transfers to persons involved in the crime via primary or secondary contact.11,12 Glass fragments
less than 1 mm in size are typically overlooked and can persist on a suspect for several hours
depending on the activity after the breaking event.13 The forensic analysis of glass compares the
physical,14 optical,15 and elemental16,17 properties of glass fragments to determine if the
fragments originated from the same source or different sources. Reporting the significance of
glass evidence depends on factors such as the rarity of the glass, the instrumental techniques used
for analysis, and background, transfer, and persistence data. Soda-lime float glass, found in
architectural or vehicular windows, is the most common glass recovered as forensic evidence.
However, soda lime glass is not common in PED glass screens.
Alkali aluminosilicate glass contains 15 to 25% aluminum oxide and 10% alkali.
Common uses for alkali aluminosilicate glass are in solar cells, laminated safety glass, and
PEDs. The application of the proprietary fusion manufacturing process of alkali aluminosilicate
glass results in a glass product that is typically 0.45 to 0.55 mm thick.18 Additionally, PED glass
is subjected to an ion-exchange process that replaces smaller sodium ions on the surface of the
glass with larger potassium ions.19 The ion exchange process creates a hard and scratch-resistant
surface. To provide additional layers of protection to PEDs, hydrophobic and oleophobic
coatings, applied to the surface of most PEDs, repel water and oils, respectively.20
To protect PED devices, owners often apply tempered glass screen protectors or liquid
glass screen protectors. The screen protectors are made of either soda-lime glass or alkali
aluminosilicate glass. Soda-lime glass screen protectors usually cost less due to the simple
manufacturing process and prevalence of the raw materials. While soda-lime glass screen
protectors can be tempered or toughened to increase the strength of the glass, the chemical
structure of alkali aluminosilicate glass produces superior strength.21–23 The base component of
liquid glass screen protectors is silicone dioxide suspended in water or ethanol. These products
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advertise an increase in the hardness and scratch-resistance of devices and seem to have similar
properties to oleophobic and hydrophobic coatings.
The standard methods for forensic glass elemental analysis are laser ablation inductively
coupled plasma mass spectrometry (LA-ICP-MS) and micro X-ray fluorescence spectrometry
(𝜇-XRF). Forensic glass studies using LA-ICP-MS demonstrate superior sensitivity and
reproducibility compared to other analytical techniques,24 and LA-ICP-MS can obtain
quantitative data with high accuracy and precision.25 However, forensic laboratories with strict
budgets struggle to implement this analytical method into their workflow due to high costs of
purchase and maintenance. Forensic laboratories widely use 𝜇-XRF due to its cost-effective
nature. 𝜇-XRF offers small spot sizes, which aid in analyzing typical glass casework samples.
Additional advantages to this technique include minimal sample preparation, automated analysis,
simultaneous multi-elemental analysis, and non-destructive analysis. While 𝜇-XRF lacks
accuracy for quantitative analysis, studies have demonstrated good analytical performance and fit
for glass comparison purposes.26,27 Many forensic laboratories have protocols for analyzing sodalime glass using 𝜇-XRF, but there is limited research into the forensic analysis of PED glass and
PED glass accessories using 𝜇-XRF.
Conversely to 𝜇-XRF, the application of LIBS to the forensic examination of glass is less
mature and has not reached consensus-based standards or widespread use within forensic
laboratories. The analytical method for the analysis of soda-lime glass using LIBS performs
similarly to µ-XRF, showing promise as an alternative tool for forensic examinations.28–30 The
rapid analysis times, minimally destructive analysis, and limited sample preparation make LIBS
an attractive method.
The only two studies addressing the forensic implications of PED glass were published in
2015 by Seyfang et al. 31 and by Costa et al. in 2022.32 The Seyfang study investigated 61
different glass fragments from portable electronic devices using refractive index measurements,
𝜇-XRF, and LA-ICP-MS. However, this study did not examine the analysis of PED glass using
LIBS. Reported results from multiple different analytical techniques demonstrated increased
potassium and decreased sodium on the surface of PED glass compared to the bulk. This study
also established that PED glass could be easily differentiated from soda-lime glass if the PED
device contained an original equipment manufacturer (OEM) screen. Combined refractive index
measurements and 𝜇-XRF analysis resulted in 99% discrimination of PED glass originating from
different makes and models.31 The Seyfang et al. study provides the basis for the research
demonstrated in this paper. More recently, Costa et al. evaluated the viability of total reflection
X-ray fluorescence spectrometry (TRXRF) for the discrimination of soda-lime and smartphone
glasses.32 Although good discrimination was observed when using principal component analysis
(PCA), the method requires grinding about 10 mg to 1 g of the glass sample before analysis,
which is not always possible on casework items. Decreased sodium and calcium in the PED glass
samples found in this study were consistent with Seyfang et al.31 Additionally, Costa et al. found
that the OEM PED glass and the automotive glass formed separate clusters.32This group
suggested that the lack of control within second-hand screens and screen protectors could be why
no clustering occurred between the PEDs that were not OEM and the screen protectors.32
Another aspect of interest to this study is evaluating the criteria to compare spectral data.
A current standard practice for the forensic analysis of glass using 𝜇-XRF is available through
ASTM International (ASTM E2926).33 Within the standard, spectral overlay is one of three
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recommended techniques for comparing known and questioned glass samples. The spectral
overlay method requires analysts to examine the spectra from a known source and an unknown
source of glass at the same time. The analyst conducts a visual assessment of the overlaid
spectral to determine if the variability between the two sources of glass is larger than the
variability within each source of glass. Spectral overlay is a rapid technique employed within the
scientific community to gain knowledge of the sample’s composition and a basis for
exclusionary differences.34,35 The ASTM method also recommends various comparison criteria
for 𝜇-XRF analysis (range overlap and mean ±3s). This study evaluates these comparison
methods for PED and SP glass subsets.
In addition, automated spectral similarity metrics are proposed as a less subjective
alternative to visual overlay. Spectral contrast angle (SCA) is a simple technique used to provide
quantitative information on the similarity or differences between spectra. Research in SCA
focuses on facilitating library searches for mass spectra,36,37 remote image sensing,38,39 FTIR,40,41
and µ-XRF.42
This study evaluates the feasibility of using PED glass in forensic comparisons, focusing
on elemental analysis. The relevant elements are suggested based on their usefulness for
classification, homogeneity across a single screen, the discrimination capability, and error rates
for comparison purposes.

4.3 Materials and Methods
4.3.1. Sample sets of PED and SP glass screens
A set of 30 PED (OEM) glass screens from the National Institute of Standards and
Technology (NIST) were used in this study. The PED screens came with the top enclosure and
the screen assembly. The glass screens did not contain any original device information, but the
screens’ shape, size, and design indicated a single manufacturer (Apple®). A record of screen
dimensions for each PED can be found in supplemental table S1. With the limited information
received regarding the source of the PED, the glass screens were classified as iPhones from the
following models: iPhone 6, iPhone 6s, iPhone 7, iPhone 8, iPhone 7 plus, and iPhone 8 plus
based on their physical appearance and dimensions.
The 15 tempered glass screen protectors used in this study were purchased from
Amazon™. Different manufacturers produced each of the 15 screen protectors, and
supplemental table S2 lists each SP’s make, model, and price range information.
4.3.2. Sample collection and preparation for PED and SP glass
A hammer was used to crack the glass in multiple places to collect fragments from the
screens. Due to the sticky adhesive component of the screens, most of the fragments remained on
the screen even after breaking. The screen was gently heated using a heat gun (350 ºC) to remove
the glass fragments. Each collected fragment was pried away from the adhesive using a razor
blade. The fragments were generally larger than 2 cm and were full thickness (~ 0.2 mm). Six
fragments were removed from each PED and SP screen. After removing the samples, a
combination of methanol and a plastic scraper were used to remove the remaining adhesive from
the inner surface of the glass fragment. The inner side of the glass fragment, the side not exposed
to the user, was marked with a black marker. To assess the homogeneity within a single glass
screen, one PED and SP screen was selected per group, and six fragments were collected from
each screen. For each fragment, five replicate measurements were taken from the outer side of
the fragment for µ-XRF, and eight replicate measurements were taken for LIBS. See Figure 1
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for a schematic depicting the orientation of the inner and outer sides of each PED and SP
fragment and an outline of the fragments collected for the same-source and different-source
sample sets.

Figure 1. Schematic of inner and outer orientation for both PED and SP glass fragments and the
collection of different-source fragments and same source fragments.
4.3.3. Sample collection and preparation for liquid glass samples.
In this study, three liquid glass (LG) screen protectors were purchased from Amazon at
an inexpensive, moderate, and expensive price point. The manufacturers and prices of the three
LG screen protectors are listed in supplemental table S3. The original subset of 30 PEDs from
different source samples was used to test the applications of liquid glass. Five PEDs were
selected, and three fragments from each screen were removed and cleaned following the
procedure detailed in section 2.2. The removed fragments were full thickness with a flat surface.
Each glass fragment was split into two relatively even sections by a red marker line on the inner
side of the fragments. A brand of liquid glass was applied to one section of the three fragments
collected from each of the five PED screens. See Figure 2 for a schematic demonstrating the
application of the liquid glass. A red sharpie dot indicated which section of the fragment did not
have liquid glass. Each type of liquid glass was applied according to the manufacturers’
instructions. These instructions often involved cleaning the surface of the glass, buffing the
liquid glass onto the surface, a curing period, and removing any visible residues using the
manufacture provided buffing cloth.
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Figure 2. Schematic depicting the application of the three liquid glass types to fragments from
five PEDs
4.3.4. Elemental analysis of PED, SP, and LG samples using µ-XRF and LIBS
4.3.4.1. µ-XRF elemental analysis
To conduct the elemental analysis of the PED, SP, and LG glass samples, analysts used a
Bruker M4 Tornado µ-XRF spectrometer (Bruker, Billerica, MA), equipped with two silicon
drift detectors (SDD) with a 50 mm2 active area and a rhodium X-ray source. Sample preparation
for analysis involved mounting glass samples on XRF mylar film wheels (Chemplex Industries,
Palm City, Florida) using double-sided tape. Table 1 lists the instrumental parameters used in
this study. Daily performance checks were conducted using NIST standard reference material
(SRM®) 1831, and the instrument was calibrated weekly using zirconium. Each day, five
replicate measurements of NIST SRM 1831 were collected and monitored for inter-day variation
using control charts at a 95% confidence interval.
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Table 1. µ-XRF instrumental parameters used in this study.
Name
X-Ray Beam Energy
Vacuum
Current
Spot Size
Pulse Throughput
Acquisition Time
Replicates

Parameter
50 kV
20 mbar
600 µA
20 µm
130 kcps
300 Ls
5

4.3.4.2. LIBS elemental analysis
The LIBS system used in this study was a 266 nm ns-Nd:YAG laser (J200, Applied
Spectra, West Sacramento, CA). This LIBS used a Czerny-turner spectrometer equipped with six
channels. The LIBS analysis of PED glass was challenging because the PED glasses were
susceptible to cracking during the laser interaction, even at lower fluence. The previously
optimized parameters for soda-lime glass were adapted to reduce the cracking of the PED
fragments during analysis. Table 2 shows the optimized parameters for PED glasses.
Additionally, the ablation of SP glass fragments was not possible via LIBS due to the severe
cracking of the fragments. Four elemental lines, Ca 422.7 nm, Mg 285.8 nm, Si 288.3 nm, and Sr
407.8 nm, were monitored when analyzing NIST SRM 610 and NIST SRM 612 as daily quality
controls. The inter-day variability within the glass standards was observed using control charts as
the instrument’s performance check.
Table 2. LIBS instrumental parameters used in this study.
Name
Brand, model, laser
Energy (fluence J/cm2)
Frequency
Spot size
Gate delay
Gas, flow
Pattern
Vacuum
Number of shots

Parameter
Applied Spectra, J200, 266 nm ns-Nd:YAG
20% (41.5 J/cm2)
10 Hz
100 µm
1 µs
Ar, 1 L/min
3 to 8 replicates per fragment
20 mbar
100 shots

4.3.5. Data analysis methods for µ-XRF and LIBS
4.3.5.1. Data pre-processing
To pre-process the µ-XRF data, researchers used the Bruker M4 Tornado software to
manually select peaks and obtain their signal-to-noise ratio (SNR) described in Ernst et al.17 The
spectra were normalized to the sum of intensities to compensate for intra and inter-day
variations. The ASTM E2926 test method recommends using six elemental ratios for the forensic
comparison of glass, Ca/Mg, Ca/Fe, Ca/Ti, Ca/K, Fe/Zr, and Sr/Zr.33 Since calcium is not present
in most PED and SP fragments, new elemental ratios were evaluated.
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LIBS data pre-processing involved using the Clarity software for background subtraction
and integrating the selected emission lines. SNRs were calculated using the integrated emission
lines and selected noise near each line. Previous research of soda-lime glass reports using 12
emission lines suited for soda-lime glass analysis,28 but additional lines were explored due to the
differences between soda-lime glass and PED glass. The emission lines selected for the analysis
of PED glass are listed in Table 4.
4.3.5.2. Comparison Methods: Spectral Overlay
Spectral overlay is a comparison method recommended by the ASTM standard E2926.33
This method involves plotting spectra of two different glass fragments simultaneously.
Examinations of all measured replicates from a single glass fragment assess the inherent
variability within a source. Once the examiner understands the within source variability, the
variability between separate glass fragments is assessed. If the between-source variability is
deemed more significant than the within-source variability, the comparison of the fragments
results in an exclusion. In all other cases, the samples are considered indistinguishable
(association). In this study, spectral overlay comparison methods classified the PED and SP glass
fragments into major groups based on distinct differences in the presence or absence of elements
of interest. Then spectral overlay assisted in finding differences or similarities between
subgroups and same source fragments based on peak location and counts (x and y-axis,
respectively).
4.3.5.3. Comparison Criteria Methods
ASTM E2926 recommends using range overlap or a mean ±3s interval for the forensic
comparison of glass.33 Other research within this group found that improved false exclusion rates
are achieved, for modern µ-XRF systems with SDDs, when using a 3s with a minimum 3%
relative standard deviation (RSD) comparison criterion.28 The LIBS comparison criteria
evaluated within this study are range overlap, 3s, 4s, 5s, 3s (3% RSD), 4s (3% RSD), and 4s
(4%RSD). These criteria were selected based on previous research within this group.28 Equations
for all comparison criteria used in this study can be found in supplemental table S4. All
comparison criteria described use replicates of the “known” sample to build a comparison
interval. The interval or mean of the questioned sample is compared to the interval of the
“known” sample. The samples are considered indistinguishable if the questioned mean falls
within the known comparison interval.
4.3.5.4. Spectral contrast angle ratios
Spectral contrast angle (SCA) measures the similarity between two spectra using a
comparison of vectors. The energy and intensities determine the vector’s length and orientation
for each spectrum. The angle between the two formed vectors is the spectral contrast angle. 42 A
smaller spectral angle indicates that the two vectors are closer together (i.e., the more similarities
two spectra possess).43 Equation 1 provides the equation for the spectral contrast angle of a
vector created from the spectrum of glass “a” and a vector created from the spectrum of glass
“b”. To account for within-sample variability, the spectral angles for all pairwise combinations
of the replicates collected within a single fragment are calculated. The average spectral angle
within a fragment is defined as the spectral angle within a sample. Likewise, the spectral angles
of all pairwise combinations of the replicates from a glass “a” and a glass “b” are calculated. The
average is defined as the spectral contrast angle between fragments. Finally, a ratio of the
between and the within SCAs is estimated. Equation 2 shows the calculation of the spectral
contrast angle ratio. SCA ratios were calculated for PED and SP measurements using a custom R
code.
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Equation 143. 𝑆𝐶𝐴 = 𝜃 = 𝑐𝑜𝑠 −1 (

Equation 242. 𝑆𝐶𝐴 𝑅𝑎𝑡𝑖𝑜 =

∑𝑖 𝑎𝑖 𝑏𝑖
√∑𝑖 𝑎𝑖2 ∑𝑖 𝑏𝑖2

)

𝜃𝑏𝑒𝑡𝑤𝑒𝑒𝑛 𝑠𝑎𝑚𝑝𝑙𝑒𝑠
𝜃𝑤𝑖𝑡ℎ𝑖𝑛 𝑎 𝑠𝑎𝑚𝑝𝑙𝑒

4.4. Results and Discussion
4.4.1. Selection of informative elements and elemental ratios
For µ-XRF, elements above a signal-to-noise of 10 were initially considered for
comparisons. Then, elemental ratios typically were selected using elements peaks that are
adjusted (i.e., close in energy, in keV). Elements that are close in atomic number often have
similar backgrounds, which helps to create normalized ratios that minimizes measurement
variability.17 Percent relative standard deviation (%RSD) values for both inter-fragment and
intra-fragment measurements were calculated using the same source PED and SP samples for
each elemental ratio. Only ratios with an RSD value less than 10% were deemed appropriate for
comparisons. Figure 3 shows an example of the RSD values of selected elemental ratios for PED
group 1 and SP group 1.
After evaluating error rates using various comparison criteria, the final selection of
elemental ratios was made. The elemental ratios that produced the lowest false exclusion rates
and the highest discrimination power within the PED and SP groups were ultimately selected.
Table 3 lists the selected elemental ratios for each PED and SP group.
The µ-XRF elemental profile was used as the basis for selecting PED elements of interest
for LIBS. Multiple LIBS emission lines were examined for each element previously observed by
µ-XRF. A LIBS emission line was selected if it was free from interferences and above a SNR of
three. Finally, the emission lines that produced the lowest false inclusion and false exclusion
rates were selected. Table 4 shows the determined emission lines for each PED group.

Figure 3. Calculated %RSD values for selected elemental ratios in PED group 1 (left) and SP
group 1 (right) for inter-fragment and intra-fragment measurements from the same source.
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Table 3. Elemental ratios selected for the comparison criteria for each PED and SP group.
Group
PED 1
PED 2
PED 3
PED 4
PED 5
SP 1
SP 2
SP 3
SP 4

Elemental Ratios
Zr/Fe, Si/Al, Mg/Na, Al/Mg, K/Mg, K/Ti, K/Fe, Fe/Ti, K/Zr
Zr/Fe, Si/Al, Mg/Na, Al/Mg, K/Mg, K/Fe, K/Zr, P/Al, Si/P, Fe/Ga, Zr/Ga
Zr/Fe, Si/Al, Mg/Na, Al/Mg, K/Mg, Zr/Hf, Hf/Fe,
Mg/Na, Al/Na, Si/Al, K/Ti, Fe/Ti, Hf/Fe, Zr/Fe, Zr/Hf
Mg/Na, Al/Na, Si/Al, Si/K, K/Ti, Fe/Ti, Hf/Fe, Zr/Fe, Zr/Hf
Mg/Na, Al/Mg, Al/Na, Si/Al, K/Si, K/Fe, K/Mg, Hf/Fe, Zr/Fe, Zr/Hf
Mg/Na, Al/Na, Si/Al, Si/S, Ca/K, Ca/Mg, Ca/Ti, Sr/Zr, Fe/Mn
Mg/Na, Al/Na, Si/Al, K/Si, K/Ba, K/Fe, Ba/Fe, Hf/Fe, Zr/Sr, Zr/Hf
Al/Na, Ca/Ti, K/Ca, Ca/Fe, Ce/Fe, Hf/Fe, Zn/Hf, Zr/Sr, Zr/Fe

Table 4. LIBS Emission lines selected for the comparison criteria for each PED group.
Group
PED 1
PED 2
PED 3
PED 4

PED 5

Emission Lines
Mg 279.6, Mg 280.3, Mg 285.2, Si 288.2, Al 309.3, Na 330.3, Si 390.6, Ca
393.4, Al 394.4, Al 396.2, Ba 455.3, Mg 518.4, K 766.5, K 769.9, Na 819.5,
Rb 784.8
P 253.56, Mg 279.6, Mg 280.3, Mg 285.2, Si 288.2, Al 309.3, Na 330.3, Ti
334.9, Zr 339.2, Si 390.6, Ca 393.4, Al 394.4, Al 396.2, Mg 518.4, Ba 670.8,
K 766.5, K 769.9, Na 819.5, Rb 794.8
Mg 279.6, Mg 280.3, Mg 285.2, Si 288.2, Al 309.3, Na 330.3, Zr 339.2, Zr
343.8, Zr 369.8, Zr 374.6, Si 390.6, Ca 393.4, Al 394.4, Al 396.2, Zr 414.9,
Ba 455.3, Mg 518.4, Ba 670.8, K 766.5, K 769.9, Na 819.5, Rb 794.8
P 253.56, Mg 279.6, Mg 280.3, Si 288.2, Al 309.3, Na 330.3, Zn 334.5, Ti
334.9, Zr 339.2, Si 390.6, Ca 393.4, Al 394.4, Al 396.2, Zn 481.0, Ba 670.8,
K 766.5, K 769.9, Na 819.5, Rb 794.8
Mg 279.6, Mg 280.3, Mg 285.2, Si 288.2, Al 309.3, Na 330.3, Ti 334.9, Zr
339.2, Zr 343.8, Ti 368.5, Zr 369.8, Zr 374.6, Ti 376.1, Si 390.6, Ca 393.4,
Al 394.4, Al 396.2, Zr 414.9, Ba 455.3, Mg 518.4, Ca 553.5, Ba 670.8, K
766.5, K 769.9, Na 819.5, Rb 794.8

4.4.2. Classification of major groups by elemental profiles.
Spectral similarities between the 30 different-source PEDs, classified the PED’s into five
major distinct groups. Each group contained a subset of samples sharing a similar overall
elemental profile. The main elemental similarities between all 30 PEDs included spectra with a
prominent potassium peak and no calcium peak. Table 5 lists the PEDs in each of the five major
groups and the main elements present within each group.
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Table 5. The separation of the 30 different source PEDs into five major groupings.
Group

PEDs included in each group

Main Elemental Profile: -XRF

1

3, 17, 19, 22, 23, 24

Na, Mg, Al, Si, K, Ti, Fe, Ga, Zr

2

1, 2, 5, 21, 25, 26, 27, 28, 29

Na, Mg, Al, Si, P, K, Ti, Fe, Zr

3

7, 8, 9, 10, 11, 14, 15, 16, 18, 20, 30

Na, Mg, Al, Si, K, Fe, Er/Co, Hf, Zr

4

6, 13

Na, Mg, Al, P, Si, K, Mn, Fe, Zn, Rb, Zr

5

4, 12

Na, Mg, Al, Si, K, Ti, Fe, Hf, Zr

PEDs included in group 1 had high potassium, low iron, and low zirconium.
Additionally, group 1 contained PEDs with gallium. Group 2 had a similar elemental profile to
group 1 but contained phosphorus. Group 3 contained hafnium, cobalt, and erbium, and, unlike
groups 1 and 2, group 3 had a prominent zirconium peak. PEDs included in group 4 had a high
zinc peak, where zinc was more prominent than the silicon and the zirconium peaks. Group 5
PEDs had hafnium and a large zirconium peak. Figure 4 plots one PED spectra from each of
these five groups. In these plots, the differences between groups are drastic and noticeable
because some groups contain multiple elements not present in another group. Therefore, spectra
of between-group fragments are easily differentiated using a simple technique such as spectral
overlay. Section 3.4.4 investigates differences between PED fragments within the same group.
Out of the 30 PEDs, group 3 contained the most PEDs within similar profiles (11 PED devices),
while other groups only contained two PEDs (table 5).
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Figure 4. Spectra of one PED from each of the five main groups with different elemental profiles.
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A similar selection of elements and evaluation of the elemental profiles was made for the
screen protectors. Spectral overlay classified 15 SP fragments into four major groups based on
their elemental profiles, and Table 6 lists the SPs within each group.
Table 6. The separation of the 15 different source SPs into four groups with each group’s main
elemental profile.
Group
1
2
3
4

SPs included in each group
1, 2, 3, 4, 7, 8, 9, 10, 11, 15
5, 6
12, 14
13

Main Elemental Profile
Na, Mg, Al, Si, K, Fe,
Er/Co, Hf, Zr
Na, Mg, Al, Si, S, K, Ca,
Ti, Fe, Sr, Zr
Na, Mg, Al, Si, K, Ba, Fe,
Hf, Sr, Zr
Na, Mg, Al, Si, K, Ca, Fe,
Hf, Zn, Sr, Zr

Figure 5 provides an example SP spectrum from each group. Interestingly, many SP
glass fragments also had similar elemental profiles to the PED glass instead of the expected
soda-lime glass profile. This indicates that screen protectors could also contain alkali
aluminosilicate glass. The screen protectors in groups 1, 3, and 4 had similar elemental profiles
to PED fragments. Group 1 SPs are grouped based on their high zirconium peak, high potassium
peak, and the presence of hafnium. Screen protectors in group 3 had a similar elemental profile
to group 1 but included strontium and barium. Group 4 SPs are classified by potassium, calcium,
zinc, strontium, and high zirconium. In contrast, group 2 SP fragments had similar profiles to
typical soda-lime glass containing calcium, strontium, and an abundant silicon peak.
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Figure 5. Spectra of one SP from each of the four main groups with different elemental profiles.
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To evaluate if the visual separation of groups was also classified statistically, linear
discriminant analysis (LDA) was performed on both the PED and SP different-source datasets.
LDA is a linear statistical classification technique that maximizes the distance between classes
while minimizing variability within each class. Figure 6 shows the LDA’s two canonicals
plotted for PED and SP groups. A clear separation was obtained between the five PED groups
and the four SP groups. The dataset was randomly split into 60% training, 20% testing, and 20%
validation, with similar correct classifications across the three subsets indicating the model did
not over fit the data. No misclassifications were observed between any PED or SP classes. This
demonstrates that the main groups of PED and SP glass fragments observed by spectral overlay
and LDA capture the significant similarities and differences between the groups.

Figure 6. LDA canonical plots of the PED (left) and SP (right) different-source samples by the
main groups. 95% confidence ellipses are shown around each group of PED and SP fragments;
however, many of the ellipsis surrounding the groups are not depicted here due to the increased
separation between groups.
4.4.3. Same source variability
Understanding the elemental heterogeneity within a single source of glass is essential
when determining the criteria for comparing glass in a forensic setting. Analyzing six fragments
from the same PED and SP devices assessed the variability of the elemental composition within
a single source screen. Previous studies report the variability within a single source of soda-lime
glass by µ-XRF and LA-ICP-MS methods.28,44 This study aimed to evaluate whether the
homogeneity assumption applies to PED and SP glass. Spectral overlay comparisons assessed
the variability within a single source by overlaying the spectra from six fragments originating
from the same PED or SP screen (15 pairwise comparisons).
There was little variability observed in most cases for the elements present in the spectra.
One exception, within potassium peaks, was observed to cause many false exclusions within
spectral overlays of the same-source PED and SP glass. Figure 7 shows all six fragments from
PED group 5 with plot inserts that provide examples of the variability at selected elements. All
six spectra overlap when examining zirconium, sodium, magnesium, and aluminum peaks, but
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there is a difference between the spectra when examining the potassium peak from different
fragments. Similarly, when examining figure 8, there is increasing variability among the six
fragments from SP 14 when overlaying potassium peaks.

Figure 7. µ-XRF plot of PED 12 from group 5. Minimal variability is observed between
fragments from the same source for most elements. More variability within a single PED source
was observed for potassium.
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Figure 8. µ-XRF plot of SP 14 from group 3. Minimal variability is observed between fragments
from the same source for most elements, except potassium.
Due to the high false exclusion rates caused by variability, potassium was excluded from
spectral overlay comparisons due to its considerable heterogeneity across a screen. Accordingly,
Tables 7 and 8 report the spectral overlay results excluding potassium and illustrate the
increased error rates otherwise. False exclusion rates for each major group were calculated by
evaluating how many fragments originating from the same PED or SP screen were incorrectly
distinguished (excluded). For PED glass, spectral overlay including potassium produced a false
exclusion rate of 49.3%, and, once removing potassium, the false exclusion rate dropped to
10.6%. The false exclusion rate for SP spectral overlay comparisons was 40%, including K and
13.3%, excluding potassium. Spectral overlay without potassium resulted in lower false
exclusion rates for PED and SP comparisons. Therefore, one significant recommendation derived
from this study is to exclude K from comparisons of PEDs and SPs due to the increased
variability within a fragment and a single screen.
As recommended by ASTM E2926, range overlap and 3s comparison criteria were
evaluated. Additionally, 3s with a minimum 3% RSD comparison criterion was also tested as it
was shown in a previous study to minimize error rates for soda-lime glass when using µ-XRF
with an SDD.28 Tables 7 and 8 report the false exclusion rates based on pairwise comparisons
using these methods for both PEDs and SPs, respectively. For PED groups, both range overlap
and 3s pairwise comparisons produced unacceptable error rates. However, a 3s (3% RSD)
comparison criterion resulted in lower false exclusion rates (< 17% for most groups and 3.3% for
all samples). A similar trend was observed for SP groups, where false exclusion rates were
reduced to < 3% for all groups and < 1% for all samples. These findings indicate relatively
similar elemental variability within a single source of PED and SP glass, when removing
potassium, to a single source of soda-lime glass.28,44
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Besides selecting a comparison criterion according to the figures of merit of the
technique, another important aspect that directly influences error rates is the number of
fragments used to characterize the source.28 Hence, Figures 9 and 10 illustrate the effect of
increasing the number of fragments to characterize the known source on the false exclusion rates.
When using four fragments to represent the known source, the false exclusion rate for range
overlap and 3s reduces drastically for most groups. A similar trend is seen in the SP glass, with
four known fragments producing false exclusion rates less than 3% in most groups. This effect is
more notable for the range overlap and 3s interval since the 3s (3% RSD) criterion already had
reduced error rates < 17%.
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Table 7. Calculated false exclusion rates for all same-source PED glass fragments separated by groups. With an overall false exclusion rate in the last
row.
PED Group
Group 1
Group 2
Group 3
Group 4
Group 5
Overall
(n=75,150 pairs)

Spectral Overlay
Including K (n=15)
46.7%
40%
66.7%
40%
53%
49.3%
(37 out of 75)

Spectral Overlay
Without K (n=15)
0%
0%
47%
6.7%
0%
10.6%
(8 out of 75)

Range Overlap
(n=30)
33.3%
6.67%
53.3%
40%
80%
42.6%
(64 out of 150)

Mean ± 3s
(n=30)
20%
23%
56.7%
60%
86.%
40%
(60 out of 150)

Mean ± 3s (3% RSD)
(n=30)
0%
0%
0%
16.7%
0%
3.3%
(5 out of 150)

Table 8. Calculated false exclusion rates for all same-source SP glass fragments separated by groups. With an overall false exclusion rate in the last
row.
SP Group
Group 1
Group 2
Group 3
Group 4
Overall
(n=60,120 pairs)

Spectral Overlay
Including K (n=15)
26.7%
53%
50%
40%
40%
(24 out of 60)

Spectral Overlay
Without K (n=15)
0%
20%
13%
20%
13.3%
(8 out of 60)

Range Overlap
(n=30)
60%
80%
86.7%
73.3%
75%
(90 out of 120)

Mean ± 3s
(n=30)
80%
70%
90%
70%
77.5%
(93 out of 120)

Mean ± 3s (3% RSD)
(n=30)
0%
0%
3.3%
0%
0.8%
(1 out of 120)
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Figure 9. Plots demonstrating the relationship between the numbers of known fragments used in the within-group comparisons and the false
exclusion rate for PED glass samples. The trend is shown for three different comparison criteria, and the number of know fragments used in the
comparison ranges from 1K to 4K. In the 3s (3% RSD) plot group 1, group 2, and group 3 are not visible because of complete overlap with group 5.

Figure 10. Plots demonstrating the relationship between the numbers of known fragments used in the comparison and the false exclusion rate for SP
glass samples. The trend is shown for three different comparison criteria, and the number of know fragments used in the comparison ranges from 1K
to 4K. In the 3s (3% RSD) plot group 2 and group 1 are not visible due to complete overlap with group 4.
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4.4.4. Different source variability
Previous spectral overlay comparisons of the 30 PED and 15 SP screens showed samples
could be grouped into major classes based on their major elemental profiles. This section focuses
on the further discrimination of PED and SP fragments observed within each sub-group based on
differences in their relative peak intensities. Figure 11 shows an example of group 3 PED
fragments: PED 11, PED 15, and PED 16. The top plot overlays PED 11 and PED 16 and
provides an example of two indistinguishable PED sources. Selected elemental inserts within this
figure show overlap within many elements, including aluminum, iron, and zirconium. On the
other hand, PED 15 and PED 16 demonstrate a comparison that shows exclusionary differences
in their zirconium, hafnium, and iron peaks. Likewise, Figure 12 shows plots of SP 01, SP 04,
and SP 08 originating from group 1, where SP 04 and SP 08 cannot be differentiated. Observed
differences in the peak intensities in the aluminum, iron, and zirconium PED peaks and the
silicon, hafnium, erbium/cobalt, and zirconium SP peaks were found to be the most useful
elements to differentiate different glass fragments within this sub-group.
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Figure 11. µ-XRF spectra of PED 011, PED 016, and PED 015 from group 3 with their relevant
peaks labeled. PED 011 and PED 016 could not be differentiated based on spectral overlay (top),
while PED 015 and 016 could be differentiated based on Al, Fe, and Zr (bottom).
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Figure 12. µ-XRF spectra of SP 001, SP 004, and SP 008 from group 1 with their relevant peaks
labeled. SP 004 and SP 008 could not be differentiated based on spectral overlay (top). SP 001
and SP 008 could be differentiated based on Si, Er/Co, Hf, and Zr (bottom).
While the PED and SP screens in the different-source sets originated from different
devices, the year of origin, model, and batch information is unknown. Therefore, a conservative
approach was used by reporting performance rates as discrimination potential rather than false
inclusion rates (Tables 9 and 10). Since potassium showed increased variability within the same
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source samples, Tables 9 and 10 report spectral overlay's discrimination power excluding
potassium. An overall discrimination power > 98% was obtained across all comparison criteria
for both PED and SP glass. The results indicate that using elemental ratios with a 3s (3%RSD)
comparison criterion is the best method for differentiating fragments within the same group
while accounting for low false exclusions and high overall discrimination.
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Table 9. Calculated percent discrimination power within each PED group using spectral overlay and three comparison criteria.
PED Group
Group 1
(n= 15 or 30)
Group 2
(n= 36 or 72)
Group 3
(n= 55 or 110)
Group 4
(n= 1 or 2)
Group 5
(n= 1 or 2)
Overall
(n=435 or 870)

Spectral Overlay
Without K

Range Overlap

Mean ± 3s

Mean ± 3s
(3% RSD)

93.3%

100%

100%

100%

97.2%

100%

100%

98.6%

90.9%

90.9%

92.7%

88.2%

100%

100%

100%

100%

100%

100%

100%

100%

98.4%
(428 out of 435)

98.8%
(860 out of 870)

99.1%
(862 out of 870)

98.4%
(856 out of 870)

Table 10. Calculated percent discrimination power within each SP group using spectral overlay and three comparison criteria. Note
that discrimination power for Group 4 is not included since this group contained only one sample.
Spectral Overlay
Without K

Range Overlap

Mean ± 3s

Mean ± 3s
(3% RSD)

93.3%

100%

100%

100%

100%

100%

100%

100%

100%

100%

100%

100%

Group 4

-

-

-

-

Overall
(n=105 or 210)

98.1%
(102 out of 105)

100%
(210 out of 210)

100%
(210 out of 210)

100%
(210 out of 210)

SP Group
Group 1
(n= 45 or 90)
Group 2
(n= 1 or 2)
Group 3
(n= 1 or 2)
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4.4.5. LIBS analysis of same-source and different-source PED glass.
The analysis of PED glass using LIBS became challenging due to the frequent cracking
of the fragments during ablation. Figure 13 shows an example of the cracking that occurs during
LIBS analysis. The cracks radiate out from the ablation spot and can weaken existing craters
causing additional cracking. Cracking that occurred during laser firing disrupted the plasma and
the results from that replicate had to be discarded. A previous study by Seyfang et al.
successfully analyzed PED glass with an LA-ICP-MS instrument equipped with a 190 nm laser
and reported no cracking issues. Therefore, lower wavelength lasers may couple better with these
types of glasses. Also, the laser system used in this study operates with a higher fluence than
other UV laser configurations, which may be the primary cause of the excessive cracking with
thin PED samples.
The analysis of 30 PED screens using LIBS found differences in the elemental
composition between the five groups identified with µ-XRF. Figure 14 shows a stacked bar plot
where the x-axis displays six fragments from one PED screen from each of the 5 PED groups.
There are distinct differences between the five groups based on the presence or absence of
emission lines and different SNRs within the same emission line. However, there are very few
differences between the multiple fragments analyzed within each group. The minimal samesource differences indicate relative homogeneity within a single PED screen.
LIBS's homogeneity and discrimination power for PED glass were further assessed by
calculating the false exclusion rates and discrimination power within each dataset. Table 11
shows the false exclusion rates for same-screen fragments using various comparison criteria. The
lowest false exclusion rates (< 14%) were achieved using the 5s comparison criteria except for
Group 1. Group 1 produced unacceptable false exclusion rates for all comparison criteria (>
26%). Table 12 shows the false inclusion rates when analyzing 30 different source PED
fragments. Although LIBS could discriminate PED glasses between the main sub-groups, the
discrimination ability proved poor within glass screens clustered in the same sub-groups. These
findings are most likely due to the effect on the sensitivity when using lower laser energy to
avoid glass cracking. Improvements to the intensity of the peaks within the spectrum could
increase the SNR of important emission lines for the discrimination of glass. Thus, further
research needs to be conducted to determine the utility of LIBS in discriminating PED glass
fragments in a forensic setting. Interestingly, when we attempted to analyze the samples with
LA-ICP-MS, the glass cracked and split into various pieces even after a few ablation shots. The
more severe cracking when operating the laser for LA-ICP-MS versus LIBS modes is attributed
to using helium as the carrier gas for LA-ICP-MS. We hypothesize that the higher thermal
conductivity of He (LA-ICP-MS mode) versus argon (LIBS mode) created a hotter micro-plasma
that induced the breaking of the glass. It is also worth mentioning that these issues are not
observed with soda-lime glasses of similar thickness as the PED glasses used in this study.
Therefore, the chemical composition of PED aluminosilicate glass makes it more vulnerable to
breaking at the operating laser conditions. These findings highlight the relevance of optimizing
and evaluating the analytical methods per glass type, as assumptions and conditions for sodalime glasses proved not applicable for PED glasses.
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Figure 13. SEM images of PED #17 after two ablation attempts. Initially, the first ablation
attempt (red box) showed minor indication of cracking. However, cracking during the second
ablation attempt (yellow box) caused additional cracking around the first ablation. The damage is
more severe for the second ablation attempt than the first. Images at right show zoomed areas
around the ablation spot (300x),

Figure 14. Stacked bar plot showing the distribution of LIBS emission lines within PED glass
from each group and between the five major groups. Visual differences are detected between
groups, while minimal differences are detected within fragments from the same group.
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Table 11. Calculated percent of false exclusion rates within each PED group for various comparison criteria using LIBS.
PED Group
Group 1
(n = 30)
Group 2
(n = 30)
Group 3
(n = 30)
Group 4
(n = 30)
Group 5
(n = 30)
Overall
(n = 150)

Range Overlap

Mean ± 3s

Mean ± 4s

Mean ± 5s

Mean ± 3s
(3RSD)

Mean ± 4s
(3RSD)

Mean ± 4s
(4RSD)

60%

43%

40%

27%

40%

40%

40%

0%

3.3%

0%

0%

3.3%

0%

0%

0%

20%

3.3%

0%

20%

3.3%

3.3%

27%

23%

13%

10%

23%

13%

13%

13%

17%

13%

13%

13%

3.3%

0%

20%
(30 out of 150)

21%
(32 out of 150)

14%
(21 out of 150)

10%
(15 out of 150)

20%
(30 out of 150)

12%
(18 out of 150)

11%
(17 out of 150)

Table 12. Calculated percent discrimination power within each PED group for various comparison criteria using LIBS.
PED Group
Group 1
(n = 30)
Group 2
(n = 72)
Group 3
(n = 110)
Group 4
(n = 2)
Group 5
(n = 2)
Overall
(n = 870)

Range Overlap

Mean ± 3s

Mean ± 4s

Mean ± 5s

Mean ± 3s
(3RSD)

Mean ± 4s
(3RSD)

Mean ± 4s
(4RSD)

67%

67%

50%

47%

67%

50%

43%

33%

43%

26%

7%

43%

26%

26%

62%

75%

55%

44%

75%

55%

52%

0%

50%

0%

0%

50%

0%

0%

0%

50%

0%

0%

50%

0%

0%

88%
(766 out of 870)

91%
(790 out of 870)

90%
(787 out of 870)

83%
(721 out of 870)

91%
(790 out of 870)

86%
(748 out of 870)

85%
(743 out of 870)
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4.4.6. Spectral Contrast Angle Ratios
Spectral overlay can provide valuable insight to the examiner regarding exclusionary
differences between X-ray spectra. However, the comparison can become subjective and
challenging when the differences are subtle. Therefore, a more systematic and objective spectral
comparison is needed. In this study, spectral contrast angle (SCA) ratios are used as a
quantitative metric of the similarity between spectra. SCA ratios were calculated for all possible
comparison pairs of the different-source and same-source PED and SP sample sets using a
custom R code. Each spectrum was cropped from 0.6 keV to 17 keV to avoid the strobe and
Compton/Rayleigh peaks. A previous study that analyzed electrical tapes using µ-XRF
demonstrated that when SCA ratios within a single grouping are much smaller than SCA ratios
between tapes from different groupings, the ratios can be used as an objective metric to assess
the similarity of spectra and inform and support the examiner opinion.42 This study provides a
basis for using SCA ratios to supplement glass spectral overlay comparisons.
To evaluate the feasibility of SCA ratios for glass comparisons, the distribution of SCA
ratios between known same-source and different-source specimens was investigated. A low
overlap of SCA ratios for same-source and different-source groups is required to use SCAs as a
comparison metric. The 150 PED same-source, 150 PED different-source, 75 SP differentsource, and 100 SP same-source spectra showed that lower SCA ratios indicate increasingly
similar spectra. In comparison, larger SCA ratios indicate more significant differences between
the two spectra. Figures 15 and 17 show the SCA ratios for both PED and SP glass samples,
respectively.
In these frequency plots, comparisons of ratios between fragments originating from the
same source are colored dark blue. Ratios between fragments originating from different sources
but in the same sub-group are light blue or green. The ratios that are light blue represent
fragments within the same group that are indistinguishable by spectral overlay. SCA ratios that
are light green represent fragments differentiated by spectral overlay. SCA ratios between
fragments originating from different groups are shown in pale yellow. As expected, same-source
comparisons resulted in small SCA ratios (majority less than 5 for both PED and SP fragments).
Additionally, sample comparisons that were between groups resulted in high SCA ratios
(majority greater than 30 for PED and 14 for SP). While there are larger SCA ratios in differentsource samples, same-subgroup samples have a slight overlap with same-source samples, mainly
for those shown indistinguishable by spectral overlay.
To assess the utility of SCA ratios, the false exclusion rates, and false inclusion rates at
different SCA ratio threshold values are plotted in Figures 16 and 18 for both PED and SP
comparisons, respectively. For PED fragments, a threshold value of 1.94 resulted in the lowest
false exclusion and false inclusion rates (4%). All false inclusions originate from SCA ratios
between PED fragments within the same subgroup. This is expected because fragments within
the same subgroup were much more similar in their elemental profile. The majority of the false
exclusions came from group 3, which also produced the most false exclusions using spectral
overlay.
Comparably for SP fragments, a threshold value of 2.31 resulted in the lowest false
exclusion and inclusion rates (0.95%). All false inclusions came from comparisons between SP
fragments within the same subgroup that were indistinguishable using spectral overlay. The
majority of the SP false exclusions originate from group 2 and group 4. Both groups also
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produced high false exclusion rates using spectral overlay. Additionally, Figures 16 and 18
show the receiver operating characteristic curve (ROC) associated with the SCA ratio classifier
for PEDs and SPs, respectively. Both ROC curves indicate good accuracy with minimal false
inclusions. Implementing an SCA ratio threshold value can provide PED and SP glass
discrimination while offering an objective quantitative descriptor of the level of similarity or
difference between compared samples.

Figure 15. Frequency plot of SCA ratios PED glass fragments. SCA ratios are color-coded based
on the same-source samples (dark blue), different-source samples from the same group that could
not be differentiated by spectral overlay (light blue), different-source samples within the same
group that could be differentiated by spectral overlay (green), and different-source samples from
different groups (yellow).

Figure 16. Calculated PED false exclusion and false inclusion rates at different threshold values
(left) and ROC curve for PED SCA ratios (right). FE = false exclusion rate, FI = false inclusion
rate.
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Figure 17. Frequency plot of SCA ratios SP glass fragments. SCA ratios are color-coded based
on the same source samples (dark blue), different source samples from the same group that could
not be differentiated by spectral overlay (light blue), different source samples within the same
group that could be differentiated by spectral overlay (green), and different source samples from
different groups (yellow).

Figure 18. Calculated SP false exclusion and false inclusion rates at different threshold values
(left) and ROC curve for SP SCA ratios (right). FE = false exclusion rate, FI = false inclusion
rate.
4.4.7. Spectral Overlay of liquid glass applied to PEDs
One interesting aspect of PEDs is the widespread use of protective screen coverings,
including the application of liquid glass. A question we wanted to address in this study is how
liquid glass affects the elemental profile of the screen. First, it was necessary to evaluate which
elements were present in the liquid glass. Second, how much of the LG composition is detectable
and affects the elemental profile of the PED screen.
Three types of liquid glass were evaluated in this study to investigate their elemental
composition and assess if this treatment affected the elemental profile of the PED substrate. We
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hypothesized that glass fragments treated with liquid glass could provide additional
discrimination within PED glass sources (for example, one treated with LG instead of an OEM
screen that has not been treated). Figure 19 shows the spectra of just the ProofTech liquid glass
and the most prominent elements are silicon, sulfur, and calcium. Additional elements present
are sodium and potassium. Since many liquid glass products market their product as
“microscopic silica suspended in a solvent,” the elemental composition seen in Figure 19 was
expected. Any differences within the PED spectra comparisons would most likely occur within
the silicon intensities. However, since silicon is usually a major component in glass, slight
variations in silicon already exist when comparing glass originating from different sources.
Figure 20 shows three comparison XRF spectra from three liquid glass products. In each
plot, there is a spectrum of a PED glass containing liquid glass (pink) and a spectrum of a PED
glass not treated with liquid glass (blue). In these plots, there are no observed differences
between the two elemental profiles. The pink spectrum is not visible because of the complete
overlay between the two spectra. These findings demonstrate that the application of liquid glass
to the surface of a PED glass did not affect comparisons of PED glass by XRF, and our original
hypothesis was rejected. This may result from a relatively thin layer of liquid glass compared to
the typical sampling penetration volume on XRF analysis, making the contribution of liquid
glass negligible to the main glass composition. An interesting follow-up study will evaluate if
surface methods, such as SEM-EDS, can differentiate screen glass before and after the liquid
glass layer.

Figure 19. Spectra of just ProofTech liquid glass with relevant peaks labeled.
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Figure 20. Spectral comparison of PT liquid glass (top) applied to a PED screen, comparison of
CV liquid glass applied to PED screen (middle), and QD liquid glass (bottom) applied to a PED
screen. The pink spectrum is not visible because the blue and pink spectra completely overlap.
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4.5. Conclusions
Micro-XRF was demonstrated to be a suitable method for PED and SP glass
characterization and comparison. Five distinct groupings were observed within this subset of 30
PED glasses based on their major spectral similarities and differences. Using spectral overlay
alone, discrimination of PED glasses that originated from different groups was possible.
Potassium, zirconium, and the lack of calcium peaks observed within PED glass spectra align
with findings reported in Seyfang et al.31 and serve as a basis to differentiate PED from sodalime classifications.
The variability of PED glass fragments originating from the same screen was minimal
(RSD values < 10%) for most elements examined, except for potassium. The ion exchange
manufacturing process most likely caused the additional variability seen in potassium. Spectral
overlay comparisons of same-source PED fragments indicated increased potassium variability
across a screen, and removing potassium resulted in lower false exclusion rates (< 10.6%). The
3s (3% RSD) comparison criterion produced the lowest false exclusion rates (3.3%). The ability
to discriminate PED samples from different sources while correctly associating same-source
samples indicates that PED glass could become valuable evidence in criminal investigations. In
most cases, a 3s (3% RSD) comparison criterion maintained within subgroup discrimination
greater than 99% except for group 3 (88%). Additionally, differences in the elemental profile of
PED glass treated with liquid glass were not detected with micro-XRF.
The analysis of PED glass using LIBS produced the same distinct groups observed with
µ-XRF. However, lower discrimination was achieved for glass screens clustered in the same subgroup. Due to cracking of the PED glass fragments during the laser interaction, LIBS analysis
with the instrumental configuration evaluated here is not recommended for this type of glass.
The majority of the 15 SP screens contained glass similar to OEM PED glass. Out of the
four groups of SP fragments, groups 1, 3, and 4 contained glass with high potassium, no calcium,
and high zirconium. Fragments within group 2 contained glass with typical soda-lime glass
elemental profiles. Potassium was the only element with significant heterogeneity within the SP
samples originating from the same source. Additionally, a 3s (3% RSD) comparison criterion
produced the lowest false exclusion rates within the same source samples (0.8%) while
maintaining a discrimination power of 100% between different-source samples. These results are
consistent with the PED findings, indicating that good discrimination is achieved for PED and
SP glass.
SCA ratios provided a numerical “score” that reported the similarity of two spectra in a
more objective manner than a spectral overlay. Comparisons between same-source samples
resulted in low SCA scores for PED and SP glass (< 5 for PED and < 4 for SP). Comparisons
between different source samples resulted in SCA scores greater than 4 and 6 for PED and SP
glass, respectively. A threshold set at around 2 for PED and SP glass resulted in the best
compromise between false exclusion and false inclusion rates below 4% for PED and 0.95% for
SP, respectively. This study shows that SCA ratios provide a similarity score that supplements
other comparison techniques. Similar false exclusion rates and false inclusion rates are achieved
using SCA ratios and a 3s (3% RSD) comparison criterion. The SCA ratios provide an objective
score that supports subjective results from spectral overlay. Moreover, it is expected that SCA
scores obtained from different XRF instrumentation would allow for more direct comparisons
between laboratories that are not attainable with existing approaches.
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In summary, the following main findings are derived from this study. The elemental
composition of PED and SP glass is relatively homogeneous within a single screen, except for
potassium. RSDs between measurements of a single fragment and between fragments across a
screen are typically < 7%, with most ratios lower than 2% RSD. The precision of measurements,
variability within a single source, and variability between sources indicate that spectral overlay is
an appropriate criterion for initial screening. However, complementary quantitative metrics such
as SCA benefit from a more objective approach to assess the significance of an association or
exclusion. Likewise, a minimum of 4 known fragments and sequential comparisons using a 3s
(3% RSD) criterion after spectral overlay minimize error rates. In general, elemental profiles of
SP and PED glass can be differentiated from soda-lime (sheet glass) by increased potassium and
zinc and the absence of calcium within PED and SP glass. Liquid glass, used as an additional
layer of protection to a device, does not affect the overall elemental composition of glass when
semi bulk methods like µ-XRF are used.
These preliminary results indicate that SP and PED can become suitable and valuable
types of evidence in forensic investigations. While this study included a small subset of PED, SP,
and LG samples, this research provides a proof of concept of the utility of modern PED and SP
glass in casework and a basis for future studies. Further research includes expanding the database
of PED glass and their glass-based accessories, assessing the discrimination ability between SP
and PED glass, conducting transfer and persistence studies pertaining to PED glass, and
determining the best laser configurations and parameters for the LIBS analysis of PED glass.
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4.7. Supplemental Materials
Table S1. Internal ID, dimensions, and potential Apple model of each of the 30 PED screens
used in this study.
PED lab ID
1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19
20
21
22
23
24
25
26
27
28
29
30

Device dimensions length x width
(cm)
10.5 x 6.4
7.4 x 15.5
10.5 x 6.4
7.4 x 15.5
10.5 x 6.4
7.4 x 15.5
10.5 x 6.4
10.5 x 6.4
10.5 x 6.4
10.5 x 6.4
10.5 x 6.4
10.5 x 6.4
10.5 x 6.4
10.5 x 6.4
10.5 x 6.4
10.5 x 6.4
10.5 x 6.4
10.5 x 6.4
10.5 x 6.4
7.4 x 15.5
10.5 x 6.4
7.4 x 15.5
10.5 x 6.4
10.5 x 6.4
7.4 x 15.5
7.4 x 15.5
10.5 x 6.4
7.4 x 15.5
10.5 x 6.4
10.5 x 6.4

Estimation of Apple iPhone
model
6, 6s, 7, 8
6 plus, 7 plus, 8 plus
6, 6s, 7, 8
6 plus, 7 plus, 8 plus
6, 6s, 7, 8
6 plus, 7 plus, 8 plus
6, 6s, 7, 8
6, 6s, 7, 8
6, 6s, 7, 8
6, 6s, 7, 8
6, 6s, 7, 8
6, 6s, 7, 8
6, 6s, 7, 8
6, 6s, 7, 8
6, 6s, 7, 8
6, 6s, 7, 8
6, 6s, 7, 8
6, 6s, 7, 8
6, 6s, 7, 8
6 plus, 7 plus, 8 plus
6, 6s, 7, 8
6 plus, 7 plus, 8 plus
6, 6s, 7, 8
6, 6s, 7, 8
6 plus, 7 plus, 8 plus
6 plus, 7 plus, 8 plus
6, 6s, 7, 8
6 plus, 7 plus, 8 plus
6, 6s, 7, 8
6, 6s, 7, 8
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Table S2. Manufacturer, price, and description of the 15 tempered glass SPs used in this study.
The thick line separates SPs by the price categories (cheap ~$5-12, moderate ~$15-20, and
expensive ~$20-40).
Manufacturer
Ailun
Mkeke
JETech
TOCOL
Mr. Shield

CASEKOO
Power Theory
ESR brand
UniqueMe brand
QHOHQ brand

ZAGG invisible shield brand

Belkin screenforce brand
OtterBox performance brand
Perfectsight brand

Torras Dimonds hard brand

Description of item
Ailun Glass Screen Protector 6.1 Inch Tempered
Glass
Mkeke Tempered Glass Film Clear
JETech Screen Protector 5.8-Inch, Tempered
Glass Film
TOCOL 6.2 inch Tempered Glass Screen
Protector HD Clear Case Friendly
Mr.Shield [Tempered Glass] Screen Protector
[Japan Glass With 9H Hardness] with Lifetime
Replacement
CASEKOO Diamonds Shatterproof [9H Military
Grade Protection] Clear Tempered Glass Screen
Protector
Power Theory Screen Protector [Premium
Tempered Glass]
ESR Armorite Screen Protector Ultra Tough
Tempered Glass
UniqueMe Screen Protector 11inch Tempered
Glass Bubble-Free Anti-Scratch High Definition
QHOHQ 6.7” Tempered Glass Film, 9H Hardness
- HD - 2.5D Edge - Bubble Free - Scratch
Resistant
ZAGG InvisibleShield Glass Elite VisionGuard+
Screen Protector - Impact Protection, Scratch
Resistant, Fingerprint Resistant, Smudge
Resistant, Oil Resistant, clear
Belkin iPhone UltraGlass Anti-Microbial
(Ultimate Protection + Reduces Bacteria on
Screen up to 99%)
OtterBox Performance Glass Series Screen
Protector Clear
PERFECTSIGHT Privacy Tempered Glass Screen
Protector Compatible 6.7 inch Anti Glare,
Reflective Spy Blue Light Filter
TORRAS Diamonds Hard 10X Military-Grade
Shatterproof [Bubble Free] 9H Hardness Clear
Tempered Glass Film 6.1''
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Table S3. Manufacturers, price, and description of liquid glass screen protectors (low ~$13,
moderate ~$16, high ~$30).
Lab ID

Manufacturer

Description of item

PT

ProofTech

ProofTech Liquid Glass Screen Protector

CV

ClearView

ClearView Liquid Glass Screen Protector

QD

QMADIX

QMADIX Invisible First Defense Nano
Liquid Glass Screen Protector

Table S4. Expanded explanation of comparison criteria used in this study.
Comparison criteria

Equation

Range Overlap

𝑀𝑎𝑥𝑖𝑚𝑢𝑚𝑄 > 𝑀𝑖𝑛𝑖𝑚𝑢𝑚𝐾
and
𝑀𝑖𝑛𝑖𝑚𝑢𝑚𝑄 < 𝑀𝑎𝑥𝑖𝑚𝑢𝑚𝐾

Mean ± ns

𝑀𝑒𝑎𝑛𝐾 ± 𝑛 × 𝑠𝑡𝑎𝑛𝑑𝑎𝑟𝑑 𝑑𝑒𝑣𝑖𝑎𝑡𝑖𝑜𝑛𝐾
Where n = the number of standard deviations used in the comparison (3,4,5)

Mean ± ns (p% RSD)

𝑀𝑒𝑎𝑛𝐾 ± 𝑛 × 𝑠𝑡𝑎𝑛𝑑𝑎𝑟𝑑 𝑑𝑒𝑣𝑖𝑎𝑡𝑖𝑜𝑛𝐾
𝑜𝑟
𝑝
𝑀𝑒𝑎𝑛𝐾 ± 𝑛 ×
𝑀𝑒𝑎𝑛𝐾
100
Where n = the number of standard deviations used in the comparison (3,4,5)
Where p = the percentage of the mean to use in the comparison (3 or 4)
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Table S5. LDA classifications of PED glass.
Actual
Groupings
Group 1
Group 2
Group 3
Group 4
Group 5

Predicted count
Group 1
60
0
0
0
0

Group 2
0
90
0
0
0

Group 3
0
0
109
0
0

Group 4
0
0
0
20
0

Group 5
0
0
0
0
20

Table S6. LDA classifications of SP glass.
Actual
Groupings
Group 1
Group 2
Group 3
Group 4

Predicted count
Group 1
100
0
0
0

Group 2
0
20
0
0

Group 3
0
0
20
0

Group 4
0
0
0
10
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5. Applications of Univariate and Multivariate Calibration Methods for
Quantitative LIBS Analysis of Glass
5.1. Overview
Laser-induced breakdown spectroscopy (LIBS) has gained interest in forensic
applications due to its rapid analysis times, sensitivity, versatility, and lower maintenance costs.
Although LIBS's qualitative or semi-quantitative methods allow for good discrimination between
glass fragments originating from different sources, quantitative analysis is more challenging.
Thus, this study aims to determine the applicability of simple linear regression (SLR), multiple
linear regression (MLR), principal component regression (PCR), and partial least squares
regression (PLSR) for quantitative LIBS analyses.
Eight certified or reference glass standards with known concentrations were analyzed
using LIBS. The SLR regression models used integrated signal-to-noise ratios for eight elements
of interest, and the best emission lines were selected based on linearity (R 2 and residual plots)
and bias. Multivariate models (MLR, PCR, and PLSR) were built and tested using three datainput techniques. These included a) the input of integrated emission lines above a signal-to-noise
ratio of 3, b) selected regions of the LIBS spectrum, and c) the entire LIBS spectrum. The bestperforming data input technique was chosen from each model and element. Final models of SLR,
MLR, PCR, and PLSR were compared to determine which calibration method produced the
highest R2 value and the lowest bias.
Overall, the MLR model resulted in superior R2 values (> 0.99) and bias (< 10-20% in
most cases). The MLR models remained relatively stable when a standard was removed from the
calibration curve and treated as an unknown (leave-one-out testing). Selecting certain regions of
the LIBS spectrum as the data input produced superior results in most MLR models. In general,
the multivariate models outperformed the SLR models, which indicates that multivariate
techniques are more suitable for quantitative LIBS analysis. This study provided a basis for
quantifying elements in glass by paring LIBS with multivariate calibration techniques.

5.2. Introduction
Glass is a popular type of trace evidence often found at crime scenes involving hit-andruns, burglaries, and homicides. The tiny fragments of glass that shatter during violent acts can
transfer to the individuals involved and often go unnoticed.1 The composition and properties of
glass are customized for many applications, making its analysis attractive in a forensic setting.
Typical forensic glass analysis aims to determine if a questioned glass fragment originated from
a known source of glass or a different source. To answer this question, analysts examine the
physical, optical, and elemental properties of glass. While all properties of glass provide helpful
information in an investigation, the elemental composition of glass provide the best
discrimination.
To compare the elemental composition of glass, examiners use sensitive analytical
techniques. Currently, laser ablation inductively coupled plasma mass spectrometry (LA-ICPMS) and micro X-ray fluorescence spectrometry (-XRF) are the most popular techniques used
by forensic laboratories.2 Extensive research into LA-ICP-MS and -XRF has resulted in
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consensus-based standards for each method.3,4 However, laser induced breakdown spectroscopy
(LIBS) is an emerging technique in forensic glass analysis that has shown promising
advantages.5–8 Studies show that the discrimination power of LIBS is similar to -XRF but less
than LA-ICP-MS.9–12 LIBS boasts ~20-second analysis times which is faster than µ-XRF (2-20
minutes depending on detection systems) and LA-ICP-MS (~2-4-minutes).10 LIBS also allows
for multi-elemental analysis with limited sample preparation needed. Since there are no
consensus-based standards, LIBS has not been widely adopted within forensic laboratories. Most
research that focuses on the forensic analysis of glass uses a semi-quantitative approach for LIBS
(i.e., emission-line ratios or signal-to-noise ratios) but quantitative analysis would be beneficial.
6,7,13,14

After obtaining the elemental profile of glass, forensic examiners compare the spectra of
a questioned glass fragment to a known glass fragment using qualitative, semi-quantitative, or
quantitative techniques. Semi-quantitative techniques, typically used with -XRF, are based on
peak ratios rather than the concentration of the elements within the glass. The relative intensities,
which relate to their relative compositions, are compared between the questioned glass fragment
and the known specimens. A typical qualitative comparison involves overlaying the spectra and
visually comparing peaks. On the other hand, quantitative techniques used for LA-ICP-MS
provide the actual concentration of various elements within the glass. There are many ways to
obtain quantitative data, but a popular method for spectral data is regression or calibration.15–17 A
bracketed single-point external calibration technique with 29Si as an internal standard is used to
quantify glass with LA-ICP-MS, with intra- and inter-laboratory bias and precision typically
better than 2-5%.18 Due to the sub-ppm detection limits and excellent precision, research reports
that LA-ICP-MS can discriminate between the glass made two weeks apart by the same
manufacturer.11,12
While semi-quantitative techniques in forensic glass analysis have produced low type I
and type II errors,3,12,19 the data is not easily shared between laboratories due to differences in the
instrumental configuration and parameters. Thus, obtaining quantitative data can encourage the
creation of glass databases that can be compared across laboratories to assist with interpreting
glass evidence.11,20,21
One way to perform quantitative LIBS analysis involves univariate16,22–24 or multivariate
regression methods.25–27 Regression analysis has existed since the 19th century, and the basic
concept of regression expresses how a response variable (y) systematically changes with changes
in the predictor variable (x). Additionally, the data points must scatter around this statistical
relationship.28 Simple linear regression (SLR) is a common univariate form of regression
analysis and involves predicting y with a single predictor (x). For quantitative LIBS data, SLR is
usually employed by predicting the concentration using the signal to noise (SNR) ratio or the
integrated peak area for each element. The four major assumptions made during simple linear
regression are 1) linear relationship between the response and the predictor, 2) constant error in
the variance, 3) independence in the residuals, and 4) the residuals are normally distributed.28
These assumptions are applied to all regression techniques and are not specific to SLR. The main
advantage of SLR is it is an easy technique to implement and interpret. This is especially useful
113

for forensics because simple techniques are often better understood during testimonies.
Additionally, when the relationship between the response and the predictor is linear, SLR
performs quite well. However, when the SLR assumptions are not met, the technique’s
performance suffers.28 Unfortunately, for LIBS analysis, researchers frequently report that there
is not a strong linear relationship between single emission lines and the concentration.
Multiple linear regression (MLR) is an extension of SLR that uses more than one
predictor to calculate a response and can make predictions with spectral interferences present.29–
31
Unlike SLR, the application of MLR to LIBS involves inputting multiple emission lines or
even the entire spectrum into the model. MLR shares many of the same assumptions as SLR, like
linearity, constant variance, independence, and normality. MLR also assumes that the predictors
are not highly correlated with each other.29–32 Similar to SLR, MLR disadvantages occur when
the data does not meet the method's assumptions. When they are not met, issues such as
underfitting and outlier sensitivity can occur. The main disadvantage of MLR applied to LIBS is
multicollinearity since the spectrum's emission lines are often correlated. MLR also requires
more calibration samples than predictors.30,32 The selection of a limited number of predictors in a
model is extremely important and becomes more challenging with highly correlated predictors.
Principal component regression analysis (PCR) addresses the multicollinearity issue that
often arises from MLR.29,30,32 The basis of PCR is to perform principal component analysis
(PCA) on the matrix of correlated predictors and then use the compressed matrix of predictors to
execute MLR. PCA is a data reduction technique that projects the data onto a latent space
resulting in an orthogonal loadings matrix.32 Data reduction occurs because the original data can
be well represented by only selecting highly significant loadings. The two main advantages of
PCR compared to MLR are that PCR removes multicollinearity and reduces the number of
predictors in the model.29,30,32 However, PCR is a more complex technique and harder to
interpret than SLR and MLR. Also, when using a data reduction technique, some information
can be lost, which can affect the model's performance.
Partial least square regression (PLSR) is similar to PCR because the data is projected into
a latent space. PLS-2, the method employed in this study, involves projecting both the x and y
values into the latent space to obtain a Y-score and X-score matrix.29,30,32 PLS-2 is the most
compact method explored in this study because it allows all the concentrations to be predicted
simultaneously. The PLSR model, like all previous models discussed, assumes that the
relationship between your responses and predictors is linear, but this model does not suffer from
multicollinearity.29,30,32 The application of PLSR to LIBS is extremely beneficial because it
allows for the input of the entire LIBS spectrum, accounts for correlations between the response
and the concentration, and accounts for the inherently noisy LIBS spectrum. Additionally,
PLSR copes with small data sets and missing values. Disadvantages to PLSR include the lack of
test statistics and its complex nature leading to difficulties with interpretations.29,30,32
Current quantitative LIBS analysis research reports varying success levels using
univariate and multivariate calibration techniques. Xiu et al. used LIBS to quantify 12 trace
metals within a hydrocarbon-based oil. The researchers diluted a standard reference oil to create
a set of oils with a range of trace metal concentrations.33 A single emission line was selected to
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quantify each analyte, which was free from interferences from other components within the
spectra.33 This group reported R2 values greater than 0.99 when using a Czerny Turner
spectrometer and improved detection limits compared to an echelle spectrometer.33
Cama-Moncunill et al. used LIBS to quantify copper and zinc within infant formula.25 A
comparison of SLR, MLR, and PLSR determined that PLSR was the most suitable method for
quantification.25 Two copper emission lines were used to build the MLR model, while six
emission lines created the iron MLR model.25 MLR R2 values ranged from 0.85 to 0.90, but the
model's accuracy suffered during validation producing R2 values between 0.658 and 0.768.25
Principal component regression and partial least squares regression methods are popular choices
for obtaining quantitative LIBS data because of their data reduction components. Devangad et al.
compared PCR and PLSR to SLR techniques to quantify manganese in glass.17 The researchers
reported R2 values greater than 0.853 when using SLR with elemental ratios and superior R 2
values greater than 0.98 for PCR and PLSR techniques when using three regions of the LIBS
spectra.17 The authors noted that while PCR and PLSR techniques performed well, PCR required
more components to build the model than PLSR,17
Currently, very little research exists regarding quantifying elements within glass using
LIBS. From this subset of literature, none address the forensic analysis of glass. This study
assesses the feasibility of three multivariate techniques, MLR, PCR, and PLSR, to quantify
elements of interest within glass standard reference materials. Many glass standard materials are
now available within forensic laboratories leading to the simpler implementation of calibration
methods. MLR, PCR, and PLSR are compared to SLR to determine the suitability of multivariate
techniques compared to a univariate approach.

5.3. Methods
5.3.1. Selection and preparation of glass standards
This study used eight glass standards or reference materials to build the calibration
models. Table 1 list the standards and their reported concentrations for the eight elements
evaluated for this study. Five of the glass standards collected are commercially available, and the
remaining three glass standards are in the development process.34
Sample preparation methods involved securing the standards to the LIBS ablation cell
using double-sided tape and orienting the standards so that ablation occurred on a flat surface. A
small black marker dot was placed onto the surface of each glass standard to aid in focusing, but
the marker was avoided when collecting measurements.
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Table 1. Standards used in this study and their reported concentrations in gg-1 (ppm).
Standard

FGS118

FGS218

Magnesium
Aluminum
Potassium
Calcium
Iron
Lithium
Strontium
Barium

23800
1510
1000
60800
590
5.7
57
42.1

23400
7300
4700
59800
2770
26.1
252
198

NIST
SRM
1831
21200
6380
2740
58600
608
5
85
31.5

NIST
SRM
61035
432
10320
461
81476
458
488
515.5
453

NIST
SRM
61235
77.4
11164
66.3
85262
51
41.5
78.4
37.7

CFGS134

CFGS234

CFGS334

23200
1330
940
59000
517
4.1
127
42.7

23700
7500
4600
60200
2270
9.7
319
199

10000
10400
6870
60600
5210
23.2
457
978

5.3.2. LIBS analysis of glass standards
Applied Spectra (California, USA) manufactured the J200 LIBS instrument used in this
study. The instrument contained a 266 nm ns-Nd: YAG laser and a six-channel Czerny-turner
spectrometer. Table 2 lists the LIBS acquisition parameters used for analyzing the glass
standards and are based on a previous optimization conducted within this laboratory.10 A total of
24 spot areas were analyzed across the surface of each glass standard. Every four spots were
averaged to minimize spot-to-spot variability, totaling six averaged data points per glass
standard. The daily performance of the LIBS instrument involved monitoring intensity and
precision for four elements of interest in NIST SRM 610 and NIST SRM 612 for day-to-day
variability within 95% confidence intervals.
Table 2. Instrumental parameters for the analysis of glass using LIBS.
Name
Brand, model
laser
Energy (Fluence J/cm2)
Frequency
Spot size
Gate delay
Gas, flow
Pattern
Number of shots per replicate
Measurements per fragment

Parameter
Applied Spectra, J200
266 nm ns-Nd: YAG
35% (68.7)
10 Hz
100 µm
1 µs
Ar, 1 L/min
4 spots grid x 6
100
24

5.3.3. Data selection and pre-processing
5.3.3.1. Data pre-processing for univariate methods
The clarity software provided by Applied Spectra was used for background subtraction
and integration of various peaks of interest. After, the signal-to-noise ratio was obtained by
dividing the integrated peak signal by the integrated noise adjusted to the peak. Finally, the
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emission lines were selected based on an SNR threshold of three for LOD. Table 3 shows the
selected emission lines for each of the quantified elements.
Table 3. Selected emission lines from LIBS spectrum separated by element. The designation of
each emission line as either atomic (I) or ionic (II) is displayed in parenthesis.
Element
Aluminum
Calcium
Magnesium
Iron
Strontium
Barium
Lithium
Potassium

Emission Lines (nm)
Al 309.3 (I), Al 396.2 (I)
Ca 370.0 (II), Ca 393.4 (I), Ca 422.7 (I), Ca 534.9 (I), Ca 643.9 (I), Ca 849.8 (II)
Mg 279.6 (II), Mg 280.3 (II), Mg 285.2 (I)
Fe 373.7 (I)
Sr 407.8 (II)
Ba 455.3 (II), Ba 649.7 (II)
Li 670.8 (I)
K 766.5 (I)

5.3.3.2. Data pre-processing for multivariate methods
The multivariate models were tested with three data input techniques to determine which
would produce the best results. The first input involved obtaining emission lines with a SNR
greater than three within the LIBS spectra, as described in section 5.3.3.1. These emission lines
represent elements that have shown good discrimination and selectivity for glass matrices. The
second input method was selected regions of each spectrum (see Table 4). These regions also
contain the emission lines of interest, along with additional peaks and the background. The final
method inputs the entire LIBS spectrum from 244 nm to 853 nm into the model.
Table 4. Selected regions of the LIBS spectrum used for data input into the model. The regions
were selected to contain the reported emission lines that perform well for glass analysis.
Region number
1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17

Wavelength start (nm)
273
308
323
367
389
407
421
454
490
510
534
552
612
642
670
819
849

Wavelength end (nm)
290
310
335
377
396
408
424
461
494
520
536
555
614
650
671
820
851
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5.3.4. Model building and selection
JMP (SAS, NC, USA, software version: 16 pro) was used to create the univariate and
multivariate calibration models. Regression models were evaluated for each emission line
relating to the quantification element for the univariate SLR method. The best-performing
emission line per element was selected as the final SLR model. When creating the multivariate
models, the selection of the relevant predictors was first assessed. Using the stepwise function in
JMP, the researchers displayed the best three possible models using one predictor up to 20
predictors. The best model was then selected by determining the models' minimum Akaike
information criterion (AIC), Bayesian information criterion (BIC), and Mallow's Cp values. The
model selection assessment was completed using each input method for the multivariate models.
Before conducting PCR, PCA was run on the input predictors (emission lines, regions of the
spectra, or the entire spectrum) using the JMP software. A certain number of principal
components (PCs) were saved based on an evaluation of the scree plot, and the percent variation
explained by the saved PCs was recorded. PLSR analysis was conducted using JMP 16 pro with
the nonlinear iterative partial least squares algorithm (NIPALS) using fast singular value
decomposition (SVD). The compact PLSR model allowed for the input of all eight
concentrations instead of creating a separate model for each concentration (MLR, PLSR). The
JMP software automatically conducted a leave-one-out cross-validation to determine the number
of factors that produced the best PLSR model.
5.3.5. Model testing methods
Each model was assessed using the coefficient of determination (R2), representing the
proportion of the response explained by the regression model. A larger R2 indicates a better fit of
the data. Additionally, the adjusted R2 value and residual plots were also obtained to compare the
performance of univariate and multivariate techniques. Equations 1 and 2 display the formulas
for R2 and adjusted R2, respectively, where SSE is the sum of squared errors, TSS is the total sum
of squares, n is the number of samples, and p is the number of predictors.
Equation 1: 𝑅 2 = 1 −
Equation 2: 𝑅𝑎2 = 1 −

𝑆𝑆𝐸
𝑇𝑆𝑆

𝑆𝑆𝐸/(𝑛−𝑝)
𝑇𝑆𝑆/(𝑛−1)

Each of the standards was removed from the model one by one and treated as an
unknown to test the ability of each model to predict an unknown concentration. Then, the model
was fit using the remaining standards and used to predict the concentration of the removed
standard. Finally, using the predicted concentration, bias was calculated with equation 3.
Generally, bias values < 20% indicate a model that handles new predictions well.
𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑒𝑑−𝑎𝑐𝑡𝑢𝑎𝑙

Equation 3: % 𝐵𝑖𝑎𝑠 = (

𝑎𝑐𝑡𝑢𝑎𝑙

) ∗ 100
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5.4. Results and Discussion
5.4.1. Selection of the best technique for data input.
Three models were constructed for each multivariate technique, and between 1 to 6
models were created for the SLR depending on the number of emission lines above a SNR of
three for that element. Within SLR, the R2 adjusted value and the % bias were used to select the
best-performing models and emission lines. Similarly, the multivariate methods used the same
criteria to determine which of the three data input techniques produced a better fit. The three
input data techniques included a) integrated peak emission lines, b) selected regions of the
spectrum, and c) the full spectrum. Table 5 displays the best-performing model for each element,
the selected emission line for SLR, and the data input technique for the multivariate methods.
Table 5. A list of the best emission lines and best data input for each element. The emission lines
are listed in nm, and the data input techniques are abbreviated as FS: full-spectrum, SP: selected
regions of the spectrum, and EL: integrated emission lines. SLR= simple linear regression MLR=
multiple linear regression, PCR= principal component regression, PLSR = partial least squares
regression.
Element
Mg
Al
Ca
Fe
Sr
K
Li
Ba

SLR selected
emission line (nm)
285.2
396.2
534.9
373.7
407.7
766.5
670.8
455.5

MLR

PCR

PLSR

FS
SP
SP
SP
SP
EL
SP
SP

SP
EL
SP
SP
SP
EL
EL
SP

SP
FS
EL
EL
FS
SF
SP
SP

5.4.2. Quantification of magnesium using SLR, MLR, PCR, and PLSR
Six out of the eight standards were utilized using univariate and multivariate techniques
to predict the magnesium concentration (ugg-1 = ppm). These standards ranged in concentration
from 1000 µgg-1 to 23800 µgg-1. The standards removed, NIST SRM 610 and NIST SRM 612,
contained magnesium at 432 µgg-1 and 77.44 µgg-1, which are much lower than the remaining
standards and provided poor SNRs. Figure 1 displays the predicted concentration vs. the actual
concentration plots for all four calibration models (SLR, MLR, PCR, and PLSR). Using only Mg
285.2 to predict the magnesium concentration produced a lower R2 value of 0.72 compared to the
multivariate techniques (R2 >0.99). This indicates that a single emission line does not provide
enough information to describe the variations in the magnesium concentrations. The MLR and
PLSR performed best when inputting the entire spectral information, while PCA produced a
slightly better model when using selected spectrum regions. All three multivariate techniques
accurately fit the data and followed a linear trend.
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Figure 1. Magnesium predicted concentration (ppm) plotted against the actual concentration
(ppm) for the best models using SLR (left, top), MLR (right, top), PCR (left, bottom), and PLSR
(right, bottom). The standards are color-coded in each model with the following colors red (NIST
SRM 1831), orange (NIST SRM 610), green (NIST SRM 612), blue (CFGS1), purple (CFGS2),
pink (CFGS3), dark blue (FGS1), and black (FGS2).
Each model was tested by removing one standard, treating it as an unknown, and
predicting the magnesium concentration using the remaining standards as calibrators. Figure 2
shows two bar plots representing the R2 adjusted values (top), the % bias full axis (middle), and
the % bias with an adjusted y-axis (bottom) for each standard (evaluated as an unknown). Similar
to figure 1, the R2 values using the SLR model are < 0.8, while the values obtained using MLR,
PCR, and PLSR are greater than 0.9 in most cases. The removal of CFGS3 caused a drop in the
R2 value and a significant increase in the bias for all four models. The concentration of CFGS3 is
1000 µgg-1, which is the lower extreme for magnesium calibrations. The model is expected to
struggle with accurately predicting concentrations at either of the extremes, which is the most
likely cause of the increase in bias for CFGS3. Therefore, when using LIBS data to predict truly
unknown glass, it is important not to extrapolate out past the extremes of the model because
more errors are expected. When excluding CFGS3, bias values < 30%, <3%, <20%, and < 12%
were achieved for SLR, MLR, PCR, and PLSR respectively. Both figure 2 and table 6 indicate
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that the MLR model performs the best at accurately predicting the concentration of Mg within
various glass standards. However, when setting a % bias criteria of <20%, the MLR, PCR, and
PLSR are all appropriate models.

Figure 2. Bar charts showing the R2 adjusted values (top) and the % bias value (bottom) for each
modeling technique used for magnesium. The x-axis shows the results when each glass standard
was removed from the model and treated as an unknown.
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Table 6. Reported concentrations for magnesium in (gg-1), R2 adjusted values, and % bias values for each modeling technique. Each standard was
removed from the model and treated as an unknown.
Mg
Concentration
(gg-1)

Standard
Removed

77.44

R2 adjusted

% Bias

SLR

MLR

PCR

PLSR

SLR

MLR

PCR

PLSR

NIST SRM
612

-

-

-

-

-

-

-

-

23800

FGS1

0.692

0.998

0.997

0.999

8.61

-0.86

-2.64

-6.13

432

NIST SRM
610

-

-

-

-

-

-

-

-

23200

CFGS1

0.698

0.998

0.997

0.999

8.08

0.57

1.35

4.92

21200

NIST SRM
1831

0.703

0.999

0.997

0.999

6.23

2.09

-0.76

0.78

10400

CFGS3

-0.030

0.941

0.974

0.999
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-10.2

3.86

53.5

23400

FGS2

0.922

0.998

0.998

0.999

-27.7

0.37

17.3

0.02

23700

CFGS2

0.703

0.999

0.998

0.999

-9.15

-0.97

-7.88

-11.1
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5.4.3. Quantification of aluminum using SLR, MLR, PCR, and PLSR
All eight glass standards were employed to predict the aluminum concentration, and the
concentration ranged from 1330 µgg-1 to 11164 µgg-1. Similar to the models for magnesium,
SLR for Al 396.2nm struggled to correctly predict the concentration (R2 value: 0.754), while the
multivariate techniques produced superior R2 values > 0.99. Figure 3 depicts the four models'
predicted concentration vs. actual concentration plots. The linearity of the multivariate models
within figure 3 compared to the SLR model shows that the multivariate methods are better suited
for quantifying aluminum within the various glass standards. Interestingly, each multivariate
model performed the best when using a different data input technique, which indicates that the
type of data needed to produce calibration models is variable based on the model and element of
interest.

Figure 3. Aluminum predicted concentration (ppm) plotted against the actual concentration
(ppm) for the best models using SLR (left, top), MLR (right, top), PCR (left, bottom), and PLSR
(right, bottom). The standards are color-coded in each model with the following colors red (NIST
SRM 1831), orange (NIST SRM 610), green (NIST SRM 612), blue (CFGS1), purple (CFGS2),
pink (CFGS3), dark blue (FGS1), and black (FGS2).
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Figure 4. Bar charts show the R2 adjusted values (top) and the % bias value (bottom) for each
modeling technique used for aluminum. The x-axis shows the results when each glass standard
was removed from the model and treated as an unknown.
Figure 4 and Table 7 indicate that R2 values for SLR are < 0.8 in most cases, and the
values vary significantly as each standard is removed from the calibration curve (0.4 to 0.7). The
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increased variation within the R2 values indicates that the data is not well represented by the
model and could inaccurately predict unknown concentrations. The R2 values for the multivariate
models are much larger than SLR (< 0.9) and vary slightly as each standard is removed,
indicating much more stable models. When examining the bias values for each model, the
superior performance of multivariate calibrations is also reflected. The SLR model struggles to
predict the concentration of the standards, with bias values > 15% in most cases and sometimes
exceeding 100%. While the PCR and PLSR models achieved high R2 values, the PCR model
produced bias values < 25%, and the PLSR model produced unacceptable bias (< 49%). On the
other hand, MLR produced bias better than < 15% in most cases. A MLR model built with
selective parts of the spectrum best predicts the aluminum concentration within various glass
standards.
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Table 7. Reported concentrations for aluminum in µgg-1, R2 adjusted values, and % bias values for each modeling technique. Each standard was
removed from the model and treated as an unknown.
R2 adjusted

Al
Concentration
(gg-1)

Standard
Removed

11164

% Bias

SLR

MLR

PCR

PLSR

SLR

MLR

PCR

PLSR

NIST
SRM 612

0.717

0.999

0.994

0.997

-34.3

-1.24

2.25

29.6

1510

FGS1

0.492

0.999

0.988

0.998

109

-15.2

21.4

20.7

10320.59

NIST
SRM 610

0.771

0.999

0.990

0.997

-40.7

2.89

-1.63

-48.4

1330

CFGS1

0.482

0.999

0.988

0.997

144

15.1

14.7

0.27

6380

NIST
SRM 1831

0.654

0.999

0.997

0.998

17.0

0.72

-21.4

-11.4

10400

CFGS3

0.594

0.999

0.990

0.998

3.67

0.77

1.97

-0.51

7300

FGS2

0.735

0.999

0.996

0.998

47.5

-0.44

24.9

0.001

7500

CFGS2

0.661

0.999

0.991

0.998

46.1

0.08

4.89

0.49
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5.4.4. Quantification of calcium using SLR, MLR, PCR, and PLSR
Since the concentration range of the six standards used in the models was between 58600
-1
µgg and 60800 µgg-1, the SLR regression models for the calcium emission lines produced R2
values less than 0.32. The low R2 values are most likely due to the similarity in the
concentrations of the different glass standards. The differences in the emission line intensities
only changed slightly, further reducing the quantitative capacity of SLR. However, the R 2 values
increased to > 0.99 for MLR and PLSR and > 0.79 for PCR when employing multivariate
techniques (figure 5). The MLR and PCR models performed the best when using a data input of
selected spectral regions, while the PLSR model performed best using the integrated emission
lines.

Figure 5. Calcium predicted concentration (ppm) plotted against the actual concentration (gg-1)
for the best models using SLR (left, top), MLR (right, top), PCR (left, bottom), and PLSR (right,
bottom). The standards are color-coded in each model with the following colors red (NIST SRM
1831), orange (NIST SRM 610), green (NIST SRM 612), blue (CFGS1), purple (CFGS2), pink
(CFGS3), dark blue (FGS1), and black (FGS2).
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Even though the SLR model produced an R2 value of less than 0.4 and lacked linearity,
the bias for each removed standard remained less than 5%. It is hypothesized that the similarity
between the calcium concentrations within the glass standards and the abundance of calcium
within the samples led to predicted concentrations that did not differ from the actual
concentrations. However, it is not anticipated that this model would produce accurate results on
samples that deviated from the calcium concentration range of the standards. Figure 6 and Table
8 display the R2 and bias values and variability seen across the R2 values as each standard is
removed in the SLR model as the bias remains low. The R2 values remain relatively consistent as
each standard is removed from the multivariate models. However, the % bias for the PLSR and
the PCR spikes with the removal of CFGS3, NIST SRM 1831, CFGS1, and CFGS2. These
standards are within the model's bounds, and the large bias values could indicate overfitting.
MLR maintains R2 values greater than 0.9 in most cases while producing bias values better than
2%. Due to the similarities in the concentration between the glass standards, a MLR multivariate
technique is recommended to quantify calcium.
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Figure 6. Bar charts show the R2 adjusted values (top) and the % bias value (bottom) for each
modeling technique for calcium. The x-axis shows the results when each glass standard was
removed from the model and treated as an unknown.
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Table 8. Reported concentrations for calcium in gg-1, R2 adjusted values, and % bias values for each modeling technique. Each standard was
removed from the model and treated as an unknown.
Ca
Concentration
(gg-1)
85262.5
60800
81476.49
59000
58600

R2 adjusted
Standard
Removed
NIST
SRM 612
FGS1
NIST
SRM 610
CFGS1

60600

NIST
SRM 1831
CFGS3

59800

FGS2

60200

CFGS2

% Bias

SLR

MLR

PCR

PLSR

SLR

MLR

PCR

PLSR

-

-

-

-

-

-

-

-

0.431

0.922

0.838

0.998

-1.52

-1.06

-0.41

-3.51

-

-

-

-

-

-

-

-

0.523

0.953

0.828

0.997

1.63

0.18

1.16

5.41

0.161

0.880

0.731

0.998

1.79

-0.17

1.09

6.44

0.280

0.901

0.848

0.998

0.15

-0.09

-5.04

18.1

0.413

0.917

0.841

0.998

-0.21

0.27

-0.05

0.04

0.514

0.911

0.855

0.998

-0.98

-0.27

-0.56

-6.78
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5.4.5. Quantification of iron using SLR, MLR, PCR, and PLSR
Both univariate and multivariate models were built using seven glass standards with iron
concentrations ranging from 51 gg-1 to 5210 gg-1. Unlike the quantification of previous
elements, the Fe 373.7 emission line produced a model with an R2 value of 0.97. This indicates
that the iron emission lines are suitable for single-element calibrations. Even though the SLR
model fits the data well, superior performance was achieved with multivariate models (R 2 values
greater than 0.99). For the multivariate methods, the selected spectral regions produced the best
models for MLR and PCR, while PLSR showed better results with the integrated emission lines.

Figure 7. Iron predicted concentration (ppm) plotted against the actual concentration (ppm) for
the best models using SLR (left, top), MLR (right, top), PCR (left, bottom), and PLSR (right,
bottom). The standards are color-coded in each model with the following colors red (NIST SRM
1831), orange (NIST SRM 610), green (NIST SRM 612), blue (CFGS1), purple (CFGS2), pink
(CFGS3), dark blue (FGS1), and black (FGS2).
Figure 8 and Table 9 show that the R2 values remain relatively consistent for all four
models as each standard is removed, except CFGS3. However, this decrease is expected due to
the CFGS3 standard representing an upper extreme in the calibration model (Figure 7). The bias
reaches values over 100% when NIST SRM 612 is removed from the model, but figure 7 shows
that NIST SRM 612 is the lower extreme in the calibration model, explaining this behavior.
These findings warn users to avoid quantifying anything outside the dynamic linear range or the
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calibration limits using multivariate or univariate models. When excluding NIST SRM 612, all
models produced bias values outside the 20% threshold (table 8). The SLR, PCR, and PLSR
models all resulted in unacceptable bias (> 50%) when predicting at least one standard
(excluding NIST SRM 612). Generally, the MLR model performed well, with a bias lower than
15%, except for NIST SRM 1831 and 612.

Figure 8. Bar charts show the R2 adjusted values (top) and the % bias value (bottom) for each
modeling technique for iron. The x-axis shows the results when each glass standard was removed
from the model and treated as an unknown.
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Table 9. Iron concentrations in gg-1, R2 adjusted values, and % bias values for each modeling technique. Each standard was removed from the
model and treated as an unknown.
Fe
Concentration
(gg-1)
51
590
458
517
608

R2 adjusted
Standard
Removed
NIST
SRM 612
FGS1
NIST
SRM 610
CFGS1

5210

NIST
SRM 1831
CFGS3

2770

FGS2

2270

CFGS2

% Bias

SLR

MLR

PCR

PLSR

SLR

MLR

PCR

PLSR

0.972

0.995

0.995

0.997

473

211

-7107

-4760

0.978

0.996

0.996

0.998

35.5

-1.01

-103

-26.4

-

-

-

-

-

-

-

-

0.973

0.996

0.993

0.997

49.6

-15.5

31.5

7.56

0.976

0.996

0.996

0.998

50.3

29.6

66.6

98.7

0.914

0.988

0.982

0.998

-19.7

7.09

7.11

20.5

0.976

0.996

0.996

0.998

11.9

-1.27

-3.88

-0.02

0.984

0.996

0.993

0.998

2.76

-4.06

-0.58

27.7
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5.4.6. Quantification of strontium using SLR, MLR, PCR, and PLSR
Strontium is an essential element within forensic glass analysis because it has been
shown to provide superior discrimination between glass manufactured at the same location at
different times11,12. However, the strontium concentration within most glasses is at the trace level
and requires sensitive and precise methods for its quantification. The eight strontium standards
produced appropriate SNRs and were used to create the models, ranging in concentration from
57 gg-1 to 515 gg-1. The strontium 407.8 nm emission line, selected for the SLR model,
produced a poor R2 value (< 0.5) and no linear fit. This finding was unexpected because a
previous study achieved a correlation coefficient of 0.89 using the same emission line and five
glass standards (SRM 1831, SRM 612, SRM 610, SRM 615, and SRM 621)22. However,
performance differences may be caused by different instrumental conditions in these studies. The
application of multivariate models resulted in improved linearity (R2 values > 0.97). Using either
spectral regions or the entire spectrum was the preferred method for the data input for all
multivariate methods.

Figure 9. Strontium predicted concentration (ppm) plotted against the actual concentration
(ppm) for the best models using SLR (left, top), MLR (right, top), PCR (left, bottom), and PLSR
(right, bottom). The standards are color-coded in each model with the following colors red (NIST
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SRM 1831), orange (NIST SRM 610), green (NIST SRM 612), blue (CFGS1), purple (CFGS2),
pink (CFGS3), dark blue (FGS1), and black (FGS2).
Figure 10 and Table 10 further indicate that the SLR model is inappropriate for Sr,
producing poor linearity, lack of fit, and large bias (R2 0.39 to 0.6, bias > 50%). Likewise,
multivariate PCR and PLSR did not work well for Sr (bias values ranging between 1% and 232%
for PCR and between 18% and 86% for PLSR). On the other hand, the MLR model fits well (R 2
>0.99), with bias values remaining below 20% and < 5% in most cases. The superior ability to
accurately predict concentrations of "unknowns" makes MLR the recommended model for
quantifying strontium within these glass standards.

Figure 10. Bar charts show the R2 adjusted values (top) and the % bias value (bottom) for each
modeling technique for strontium The x-axis shows the results when each glass standard was
removed from the model and treated as an unknown.
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Table 10. Strontium reported concentrations in gg-1, R2 adjusted values, and % bias values for each modeling technique. Each standard was
removed from the model and treated as an unknown.
R2 adjusted

Sr
Concentration
(gg-1)

Standard
Removed

78.4

% Bias

SLR

MLR

PCR

PLSR

SLR

MLR

PCR

PLSR

NIST
SRM 612

0.397

0.996

0.991

0.999

111

3.37

-232

-22.4

57

FGS1

0.392

0.996

0.991

0.999

182

-4.76

5.97

75.0

515.5

NIST
SRM 610

0.544

0.995

0.987

0.999

-51.5

-1.13

-13.1

-67.1
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CFGS1

0.479

0.997

0.992

0.999

124

-2.58

-19.5

-18.1

85

NIST
SRM 1831

0.427

0.997

0.993

0.999
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19.1

42.0

57.5

457

CFGS3

0.296

0.995

0.992

0.999

-26.3

-0.82

21.3

86.5

252

FGS2

0.633

0.996

0.997

0.999

-98.2

-4.06

-14.3

-26.6

319

CFGS2

0.496

0.996

0.992

0.999

47.8

-0.67

-1.00

-35.3
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5.4.7. Quantification of potassium using SLR, MLR, PCR, and PLSR
Only six of the eight glass standards were used to create the potassium calibration models
due to the significantly lower potassium concentrations in NIST 610 and NIST 612 compared to
the other standards. The selected glass standards ranged in concentration from 940 gg-1 to 6870
gg-1. Similar to the quantification of iron, the K 766.5 nm emission line produced a SLR model
R2 value greater than 0.95. The R2 values obtained using the multivariate techniques were greater
than 0.99 for all three models, performing slightly better than the SLR model. Data input of the
emission lines or the entire spectrum were the preferred methods for the multivariate models.

Figure 11. Potassium predicted concentration (ppm) plotted against the actual concentration
(ppm) for the best models using SLR (left, top), MLR (right, top), PCR (left, bottom), and PLSR
(right, bottom). The standards are color-coded in each model with the following colors red (NIST
SRM 1831), orange (NIST SRM 610), green (NIST SRM 612), blue (CFGS1), purple (CFGS2),
pink (CFGS3), dark blue (FGS1), and black (FGS2).
Even with R2 values greater than 0.9 for the SLR model, there were fluctuations within
the R2 values as each standard was removed from the model. These fluctuations, seen in figure
12 and table 11, are not as drastic as some other elements quantified. The SLR fluctuations in R 2
values are much more noticeable than within the multivariate models. When comparing the bias,
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all models produce bias values below the threshold of 20%. The one exception is the removal of
FGS1 from the SLR model, which results in a bias of 52.6%. Since the potassium concentration
within FGS1 is close to the lower extreme of the SLR calibration model, the increased bias is
explained and can be disregarded from the calibration. Even though all models performed well,
the MLR model can predict potassium concentration in the glass standards with slightly better
accuracy

Figure 12. Bar charts show the R2 adjusted values (top) and the % bias value (bottom) for each
modeling technique for potassium. The x-axis shows the results when each glass standard was
removed from the model and treated as an unknown.
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Table 11. Potassium reported concentrations in gg-1, R2 adjusted values, and % bias values for each modeling technique. Each standard was
removed from the model and treated as an unknown.
Potassium
Concentration
(gg-1)
66.26
4700
461
940
2740

R2 adjusted
Standard
Removed
NIST
SRM 612
FGS1
NIST
SRM 610
CFGS1

6870

NIST
SRM 1831
CFGS3

1000

FGS2

4600

CFGS2

% Bias

SLR

MLR

PCR

PLSR

SLR

MLR

PCR

PLSR

-

-

-

-

-

-

-

-

0.949

0.999

0.996

0.998

-52.6

-5.42

-10.4

-10.4

-

-

-

-

-

-

-

-

0.937

0.999

0.997

0.997

-8.52

16.5

3.84

18.5

0.964

1.000

0.997

0.998

19.6

12.4

19.3

13.1

0.974

0.999

0.993

0.998

-18.0

3.61

-4.52

20.1

0.953

0.999

0.997

0.998

3.25

-8.38

-14.4

-0.03

0.964

0.999

0.997

0.998

13.3

-7.16

-2.20

3.46
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5.4.8. Quantification of lithium using SLR, MLR, PCR, and PLSR
Lithium, similarly to strontium, is typically present within glass at low concentrations.
The standards used to make the models contained lithium concentrations ranging from 4.1 gg-1
to 42 gg-1. The emission line Li 670.8 nm, used in the SLR model, resulted in an R2 value
greater than 0.8, higher than most other SLR regression models reported in this study. Figure 13
plots the predicted lithium concentrations by the actual lithium concentrations of the four
models. The multivariate methods showed superior predictive capabilities compared to SLR
methods. R2 values greater than 0.98 were achieved for the multivariate models, producing
lithium concentration predictions with less variability than SLR. For MLR and PLSR models
inputting the data as selective regions of the spectrum performed the best, while emission lines
produced better results for the PCR model.

Figure 13. Lithium predicted concentration (ppm) plotted against the actual concentration (ppm)
for the best models using SLR (left, top), MLR (right, top), PCR (left, bottom), and PLSR (right,
bottom). The standards are color-coded in each model with the following colors red (NIST SRM
1831), orange (NIST SRM 610), green (NIST SRM 612), blue (CFGS1), purple (CFGS2), pink
(CFGS3), dark blue (FGS1), and black (FGS2).
The R2 values were consistently good for MLR, PCR, and PLSR. Deteriorated
performance is seen in figure 14 and table 12 when examining the SLR model compared to the
multivariate techniques. The reported bias values for the PLSR model are > 50%. Since the R2
values for this model are > 0.99, the large bias suggests that the PLSR model suffers from
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overfitting. Previous reports of PLSR models also cite overfitting as a common issue with the
technique.29,36–38 The SLR and PCR models both have multiple bias values over the threshold of
20% and therefore are not suitable models for the quantification of lithium. Once more, the MLR
model provides the best performance making this the recommended model for predicting lithium
concentration in glass standards.

Figure 14. Bar charts show the R2 adjusted values (top) and the % bias value (bottom) for each
modeling technique for lithium. The x-axis shows the results when each glass standard was
removed from
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Table 12. Reported concentrations in gg-1, R2 adjusted values, and % bias values for each modeling technique. Each standard was removed from the
model and treated as an unknown.
Lithium
Concentration
(gg-1)
41.54
5.7
488
4.1
5

R2 adjusted
Standard
Removed
NIST
SRM 612
FGS1
NIST
SRM 610
CFGS1

23.2

NIST
SRM 1831
CFGS3

26.1

FGS2

9.7

CFGS2

% Bias

SLR

MLR

PCR

PLSR

SLR

MLR

PCR

PLSR

0.911

0.995

0.970

0.999

-27.2

-10.2

-12.4

429

0.968

0.998

0.983

0.999

87.2

-5.79

-14.4

130

-

-

-

-

-

-

-

-

0.866

0.998

0.982

0.999

18.9

2.70

-9.71

43.1

0.865

0.998

0.989

0.999

15.6

1.20

87.4

50.2

0.888

0.998

0.985

0.999

-20.0

-0.36

4.81

943

0.948

0.998

0.996

0.999

38.3

-3.49

-45.2

-204

0.881

0.998

0.984

0.999

35.4

3.71

-9.27
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5.4.9. Quantification of barium using SLR, MLR, PCR, and PLSR
Seven glass standards were used to make the barium calibration models with
concentrations ranging from 31.5 gg-1 to 978 gg-1 (Figure 15). The Ba 455.3 nm emission line
was selected for the SLR model because it produced the most considerable R2 value (0.96) and
the smallest % bias values compared to other emission lines. The SLR regression seems to suffer
when predicting low concentrations of barium, specifically in glass standards CFGS1, FGS1,
NIST SRM 1831, and NIST SRM 612. However, the multivariate techniques allow for better
predictions even at low barium concentrations. Using a data input of selected spectrum regions
was superior to other methods for the multivariate calibration models.

Figure 15. Barium predicted concentration (ppm) plotted against the actual concentration (ppm)
for the best models using SLR(left, top), MLR (right, top), PCR (left, bottom), and PLSR (right,
bottom). The standards are color-coded in each model with the following colors red (NIST SRM
1831), orange (NIST SRM 610), green (NIST SRM 612), blue (CFGS1), purple (CFGS2), pink
(CFGS3), dark blue (FGS1), and black (FGS2).
Figure 16 and Table 13 report the results for barium. The MLR, PCR, and PLSR models
maintain similar R2 even after removing the glass standards that make up the extreme ends of the
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models. However, the SLR regression model fluctuates slightly with the removal of some
standards, suggesting that the model is more unstable than the multivariate models. The bias
reported for the SLR, PCR, and PLSR models is significantly high, ranging from 2% to 290% for
SLR, 2% to 236% for PCR, and 8% to 503% for PLSR. The larger bias values in the PCR and
PLSR models are warnings that the models are overfitting the data, and this hypothesis is further
supported by R2 values very close to 1. The larger bias values in SLR are most likely due to the
lack of information provided in a single emission line. The MLR model is recommended for
quantifying barium in glass standards because of the larger R2 values (> 0.999) and % < 17%
bias observed.
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Figure 16. Bar charts show the R2 adjusted values (top) and the % bias value (bottom) for each
modeling technique for barium. The x-axis shows the results when each glass standard was
removed from the model and treated as an unknown.
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Table 13. Reported concentrations in gg-1, R2 adjusted values, and % bias values for each modeling technique. Each standard was removed from the
model and treated as an unknown.
Barium
Concentration
(gg-1)
37.74
42.1
453
42.7
31.5

R2 adjusted
Standard
Removed
NIST
SRM 612
FGS1
NIST
SRM 610
CFGS1

978

NIST
SRM 1831
CFGS3

198

FGS2

199

CFGS2

% Bias

SLR

MLR

PCR

PLSR

SLR

MLR

PCR

PLSR

0.959

1.000

0.997

0.999

-62.5

-16.7

67.5

503

0.963

1.000

0.998

0.999

119

-9.52

-99.6

-80.7

0.966

1.000

0.998

0.999

-17.1

0.45

-236

8.09

0.980

1.000

0.998

0.999

290

11.7

28.5

50.6

0.957

1.000

0.998

0.999

2.61

6.43

13.6

101

0.907

0.999

0.997

0.999

9.36

-7.60

2.10

-16.7

0.970

1.000

0.998

0.999

-43.5

-9.25

12.6

-10.9

-

-

-

-

-

-

-

-
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5.5. Conclusions
In this study, the application of the multivariate techniques, MLR, PCR, and PLSR, were
assessed and compared to the SLR univariate model. Before comparing the models, the best
emission lines and input data were selected based on the highest R2 value and the lowest bias.
Generally, emission lines more intense within the LIBS spectra produced better SLR models.
Less intense emission lines from trace elemental concentrations within glass standards resulted in
SLR models that struggled to predict elements with low concentrations (< 100 gg-1). When
using SLR to create a calibration model for LIBS data, it is essential to evaluate multiple
emission lines. When performing SLR, various calibration models were developed that produced
mixed results. Additionally, applying SLR for creating calibration models with LIBS could
change each element quantified. For example, R2 values of 0.8 were achieved for SLR models
using Mg, Fe, K, Li, and Ba, but Ca, Sr, and Al produced R2 values < 0.8. These findings
indicate that while SLR is applicable for some elements, it cannot be generalized for quantifying
all elements present within glass. Moreover, accuracy was relatively poor for univariate
calibration.
The multivariate models generally produced a better fit when compared to the SLR
techniques (R2 values > 0.98). These findings were expected since previous studies have reported
superior performance with multivariate techniques over SLR techniques.15,25,26 Multivariate
models can use many different sources of information (predictors), and the multiple sources help
account for the inherent variations within a LIBS spectrum. The PLSR and MLR models were
slightly better at explaining the variation in the elemental composition and obtained larger R2
values than PCR. Still, by calculating bias values, the models were also evaluated based on their
ability to predict unknown concentrations accurately.
The bias for each removed standard and the predicted/actual plots were used to identify
when a model was overfitting a data set or when the predictors within the model were not
adequate for quantification. Overall, the SLR and PLSR models were subject to larger bias when
predicting an unknown glass standard. We hypothesize that a single emission line within the
SLR model simply does not provide enough information about the concentration of an element
within glass, leading to an inexact model. Lower R2 values in SLR models and significant
variation among the R2 values while removing standards corroborates the previous claim. The
larger bias values in the PLSR model are most likely due to the model overfitting the data, and
R2 values over 0.99 in most PLSR models support this claim.
While the MLR and PCR models performed well, the MLR model was superior in
quantifying all eight elements. Using MLR, R2 values were consistently greater than 0.99, bias
values were less than 20%, and often better than 10% when excluding standards that made up the
extremes of the model. Overall, a successful MLR model required a data input of the selected
regions of the spectrum. The only exception was magnesium, where the full spectrum performed
slightly better. The input of regions of the LIBS spectrum allows the user to remove particularly
noisy sections, uninformative sections, and prominent peaks that do not correspond to the
relevant elements within the glass while maintaining signals of interest with their respective
background. MLR is the most straightforward multivariate technique because it does not involve
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additional data reduction. For this reason, implementing MLR in forensic laboratories would
require minimal time or resources.
A significant finding from this study is to assess the inclusion of glass standards on a
case-by-case basis. The presence of a single standard with an elemental concentration
disproportionately higher than other standards generates models that simulate a "two-point
calibration." The selection of the standards should also cover the suspected concentration range
of unknown glass samples, as the models do not extrapolate well.
Overall, this preliminary work demonstrates four major points a) quantitative analysis of
glass by LIBS is feasible, b) multivariate calibration methods outperform simple univariate linear
regression models, c) among the multivariate methods tested, MLR showed superior performance
as evidenced by better fitting, linearity, and accuracy, and d) among the data input approaches, the
selection of regions of the spectrum showed consistent good performance for most multivariate
methods. Additionally, the MLR model often had the best precision between the six replicates per
glass standard. Deteriorating precision, seen within the other models, was another indication that
the model may not be suitable for quantification purposes.
The availability of matrix-matched characterized materials opens a window for creating
calibrations curves composed of 6 to 8 calibration points, depending on the element of interest.
The eight elements selected in this study have shown to be good discriminating elements for
forensic glass comparisons; most were viable for quantitative examinations.
Future research into developing calibration models for quantifying elements of interest
within glass fragments involves testing the ability of the models to predict the concentration of
true soda-lime glass samples. These findings would strengthen the applicability of these models
to be used for typical glass samples found in casework. Another future endeavor will compare
the performance of multivariate calibration models created using certified glass standards to inlab characterized soda-lime glass fragments. Finally, in the future the models need to be tested
using small glass fragments to test their applicability to casework samples.
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5.7. Appendix

Figure S1. Residuals vs. predicted plots for the magnesium calibration using SLR (top, left),
MLR (top, right), PCR (bottom, left), and PLSR (bottom, right).

Figure S2. Residuals vs. predicted plots for the aluminum calibration using SLR (top, left), MLR
(top, right), PCR (bottom, left), and PLSR (bottom, right).
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Figure S3. Residuals vs. predicted plots for the barium calibration using SLR (top, left), MLR
(top, right), PCR (bottom, left), and PLSR (bottom, right).

Figure S4. Residuals vs. predicted plots for the calcium calibration using SLR (top, left), MLR
(top, right), PCR (bottom, left), and PLSR (bottom, right).
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Figure S5. Residuals vs. predicted plots for the iron calibration using SLR (top, left), MLR (top,
right), PCR (bottom, left), and PLSR (bottom, right).

Figure S6. Residuals vs. predicted plots for the potassium calibration using SLR (top, left), MLR
(top, right), PCR (bottom, left), and PLSR (bottom, right).
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Figure S7. Residuals vs. predicted plots for the lithium calibration using SLR (top, left), MLR
(top, right), PCR (bottom, left), and PLSR (bottom, right).

Figure S8. Residuals vs. predicted plots for the strontium calibration using SLR (top, left), MLR
(top, right), PCR (bottom, left), PLSR (bottom, right).
Table S1. Precision (%RSD) calculated between each of the six replicate measurements per
calibration standard for magnesium. Standards not included in the calibration curve are left
blank.
NIST SRM 1831
NIST SRM 610
NIST SRM 612
CFGS1
CFGS2
CFGS3
FGS1
FGS2

SLR
1.79
1.68
2.74
1.72
2.05
4.64

MLR
1.12
0.58
1.29
1.66
0.97
0.43

PCR
0.98
0.43
1.87
4.44
0.72
1.39

PLSR
0.26
0.31
0.27
0.41
0.16
0.10
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Table S2. Precision (%RSD) calculated between each of the six replicate measurements per
calibration standard for aluminum. Standards not included in the calibration curve are left blank.
NIST SRM 1831
NIST SRM 610
NIST SRM 612
CFGS1
CFGS2
CFGS3
FGS1
FGS2

SLR
1.20
0.35
1.69
1.80
1.61
1.31
2.47
1.43

MLR
1.60
1.13
0.98
9.83
0.50
0.43
3.32
0.99

PCR
6.58
1.39
4.82
21.8
2.44
1.00
9.84
4.86

PLSR
1.26
0.82
0.85
9.22
1.18
1.17
4.82
0.96

Table S3. Precision (%RSD) calculated between each of the six replicate measurements per
calibration standard for calcium. Standards not included in the calibration curve are left blank.
NIST SRM 1831
NIST SRM 610
NIST SRM 612
CFGS1
CFGS2
CFGS3
FGS1
FGS2

SLR
0.40
0.43
0.15
0.20
0.50
0.31

MLR
0.55
0.67
0.08
0.16
0.08
0.14

PCR
0.31
0.21
0.50
0.56
0.68
0.43

PLSR
0.35
0.50
0.46
0.30
0.34
0.30

Table S4. Precision (%RSD) calculated between each of the six replicate measurements per
calibration standard for iron. Standards not included in the calibration curve are left blank.
NIST SRM 1831
NIST SRM 610
NIST SRM 612
CFGS1
CFGS2
CFGS3
FGS1
FGS2

SLR
13.8
46.9
26.9
4.82
1.76
57.0
4.52

MLR
14.6
91.1
13.9
5.23
2.18
19.6
3.35

PCR
10.1
168
13.1
3.80
2.45
17.5
6.31

PLSR
11.2
242
17.5
5.03
1.04
16.5
4.29
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Table S5. Precision (%RSD) calculated between each of the six replicate measurements per
calibration standard for strontium. Standards not included in the calibration curve are left blank.
NIST SRM 1831
NIST SRM 610
NIST SRM 612
CFGS1
CFGS2
CFGS3
FGS1
FGS2

SLR
2.32
1.07
1.55
2.50
1.54
0.95
1.82
1.42

MLR
13.1
2.59
18.7
10.9
1.65
0.78
6.94
1.32

PCR
6.76
2.28
4.62
3.99
3.27
2.12
17.4
11.1

PLSR
5.56
0.96
5.95
1.15
1.85
0.90
12.1
2.22

Table S6. Precision (%RSD) calculated between each of the six replicate measurements per
calibration standard for potassium. Standards not included in the calibration curve are left blank.
NIST SRM 1831
NIST SRM 610
NIST SRM 612
CFGS1
CFGS2
CFGS3
FGS1
FGS2

SLR
7.01
16.5
4.19
3.07
37.7
4.72

MLR
3.19
2.59
0.91
0.56
5.92
1.39

PCR
3.46
21.1
2.63
0.62
10.2
2.12

PLSR
1.05
2.81
0.58
0.39
1.71
0.64

Table S7. Precision (%RSD) calculated between each of the six replicate measurements per
calibration standard for lithium. Standards not included in the calibration curve are left blank.
NIST SRM 1831
NIST SRM 610
NIST SRM 612
CFGS1
CFGS2
CFGS3
FGS1
FGS2

SLR
4.90
15.8
23.1
12.2
11.9
10.8
13.1

MLR
8.02
1.43
17.7
6.64
3.58
6.52
2.36

PCR
11.3
5.07
30.8
9.40
6.67
16.0
7.91

PLSR
4.63
0.67
9.35
1.27
0.69
5.51
0.62
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Table S8. Precision (%RSD) calculated between each of the six replicate measurements per
calibration standard for barium. Standards not included in the calibration curve are left blank.
NIST SRM 1831
NIST SRM 610
NIST SRM 612
CFGS1
CFGS2
CFGS3
FGS1
FGS2

SLR
69.6
6.10
78.9
35.7
24.6
3.57
54.7
18.3

MLR
27.5
1.45
28.5
17.4
4.03
0.04
0.70
0.14

PCR
58.3
3.40
31.2
25.8
7.41
2.47
21.9
7.88

PLSR
11.6
0.75
11.0
14.0
4.64
0.57
10.5
2.38
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6. Conclusions
6.1 Overall conclusions and recommendations
The work reported in this thesis addresses many relevant research gaps within the
forensic science community, contributes to improving the overall knowledge base within
forensic glass analysis, and recommends methods that are applicable to casework samples using
variations of existing standard protocols. All three objectives of this study identified and
minimized sources of variability within glass analysis using LIBS and -XRF equipped with a
modern SDD.
Small, thin glass fragments (~1 mm) with irregular surfaces are often found in casework
samples. However, much of the existing research within the forensic analysis of glass focuses on
full-thickness fragments greater than 1 mm in length. The conclusions of the study report the
performance rates for small/irregular glass analyzed by LIBS and -XRF. The analysis of the
small/irregular sample set resulted in deteriorated precision for both analytical techniques. The
Ca/Mg and Fe/Zr ratios and the potassium and sodium emission lines experienced the largest
increase in %RSD when comparing the precision of the full thickness fragments to the small
glass fragments using -XRF and LIBS, respectively. The -XRF findings were expected due to
known results of the critical depth effect and take-off angles of incident X-rays due to uneven
surfaces and thicknesses. However, the deterioration of precision using LIBS was somewhat
unexpected. We hypothesize that the dissipation of the plasma within the glass and the uneven
surface caused shot-to-shot variable plasma conditions that increased variability between the
small fragments. Applying full-thickness recommended comparison criteria to small/irregular
glass fragments produced unacceptable error rates for both -XRF and LIBS. The results of this
thesis show that increasing the number of known fragments used in the comparison to 6-9
fragments reduced the false exclusion rates within small/irregular glass fragments to < 10-15%
(-XRF) and < 4% (LIBS), respectively. Overall recommendations for the analysis of
small/irregular glass fragments using -XRF and LIBS involve 1) comparing known and
questioned fragments of relatively the same size and shape and 2) increasing the number of
known samples used in the comparison to fully characterize the known source, and 3) applying a
comparison criterion that minimizes error rates.
The analysis of PED, SP, and LG provides forensic laboratories with a preliminary
understanding of the forensic applications for another glass type outside of the common sodalime glass (aluminosilicate glass). Valuable information on elemental composition is made
available through this study, as well as a preliminary assessment of micro-heterogeneity within
these types of glasses. While both LIBS and -XRF were used to analyze this type of glass,
LIBS analysis using a 266 nm laser is not recommended because it caused many PED and SP
fragments to crack during ablation. On the other hand, the -XRF findings demonstrated the
feasibility of expanding forensic services of these modern glasses. Spectral overlay comparisons
of the -XRF data resulted in the classification of 5 PED and 4 SP groups based on their distinct
elemental compositions. A 3s (3% RSD) comparison within subgroups achieved overall
discrimination powers of 98.4% and 100% for PED and SP, respectively. Applying the same
criteria to fragments collected from the same PED and SP screens produced overall false
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exclusion rates of 3.3% and 0.8%, respectively. Additionally, increasing the number of known
fragments within the comparison to four further lowered the false exclusion rates. Implementing
SCA ratios as a quantitative and objective metric can support traditional comparison methods
and showed great promise for future applications. SCA ratios were calculated between pairs of
same-screen fragments and different screen fragments (within-group and between-group) for
both PED and SP sets. An SCA ratio threshold set at around 2 produced the best trade-off
between false exclusion and inclusion rates at < 4% and < 1% for PED and SP screens,
respectively. The analysis of LG applied to a PED screen showed no differences within the
elemental composition compared to the same PED screen with no liquid glass applied. The
results show that liquid glass application to a PED screen does not affect the elemental profile.
The findings from the proposed method indicate that the forensic analysis of PED glass is
possible with slight adjustments to traditional -XRF methods existing for soda-lime glass.
Finally, the use of calibration models using LIBS data to produce quantitative results is
explored in many fields outside of forensics, and the findings of this study explore their
application to quantify key elements for forensic comparisons. Overall calibration models
created using univariate single emission lines with SLR produced inferior results compared to
multivariate models. When comparing the multivariate methods, the MLR model generally
achieved a less than 20% bias while maintaining R2 values greater than 0.9 for all elements
quantified. Using a data input technique of selected LIBS spectral regions produced optimal
results for MLR and PCA methods, while inputting emission lines was the preferred technique
for PLSR methods. The findings in this study stress the importance of selecting the glass
standards used in the calibration models on an element-by-element basis. The selection needs to
consider elemental concentrations within standards that could act as an outlier, affect the
linearity of the regression, or are present below the detection limits of LIBS.

6.2 Future expansions of this research
The following future research directions aim to provide additional support to the claims made
based on the findings in this thesis:
1) Expand the different-source small/irregular fragments set to explore the false inclusion
rates.
2) Increase the number of PED and SP screens analyzed to incorporate different
manufacturers and different years to investigate these implementations on the forensic
significance of PED glass.
3) Analyze and optimize a method for analyzing PED and SP glass using a LIBS equipped
with a 213 nm or 190 nm laser.
4) Design realistic mock crime scenes that involve electronic devices to understand the
transfer and persistence of glass from broken PEDs.
5) Apply the MLR calibration models to quantify authentic soda-lime glass samples to
assess the performance of the models further.
6) Use multivariate methods to build calibration models using an in-house set of fully
characterized soda-lime glasses and compare the results to models made with commercial
glass standards.
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